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ABSTRACT
Over the past twenty years, developments in solid state technology have given 
Biologists new tools to study the lives of animals. The discipline of biotelemetry involves 
equipping animals with devices that record or transmit their location, behaviour and energetic 
status. Through use of biotelemetry methods, researchers are able to monitor animals in 
environments or at times that preclude direct observation. Biotelemetry methods provide an 
insight into what animals do when we’re not looking. Despite the numerous technological 
advances that have been achieved since biotelemetry methods were first used, numerous 
methodological barriers exist that retard their uptake by mainstream ecology. This is 
especially the case for terrestrial animals. This thesis aims to address some of the deficiencies 
that exist in this discipline, in order to widen the applicability of biotelemetry methods and 
ultimately provide new data which will improve our understanding of animal movement 
strategies.
Section 1 details the best practice for equipping animals with biotelemetry equipment. 
In it, a novel methodology for assessing risk of tag loss is introduced, called the Biotelemetry 
Event Tree. The method allows researchers to audit the probabilities of successful tag 
deployment by using probabilistic data and fuzzy logic. Section 2 details a method by which 
animal travel paths can be recorded on a fine scale. The dead-reckoning technique can be 
applied to terrestrial animals for the first time by measuring speed using accelerometers. The 
chapters within this section detail the relationship between dynamic acceleration and speed, 
and how this relationship may differ depending on surface type and gradient. The dead- 
reckoning procedure is illustrated on terrestrial species for the first time, and its implications 
for conceptual understanding of animal movement strategies are described. Section 3 details 
the use of machine learning algorithms for identifying behaviour in acceleration data obtained 
from animals. Prior to the undertaking this thesis, researchers were limited to interpretation of 
this data type manually, which was arduous for large data sets. Novel methodologies are 
described that allow the automatic recognition of behaviour. One of these, the K Nearest 
Neighbour algorithm, is conceptually simple and should be easily accessible to biologists 
with little prior experience or computational acumen.
This thesis may be considered timely given the recent calls for new methods for 
Movement Ecology research. The Movement Ecology paradigm calls for integration of 
numerous conceptual frameworks and disciplines to explain animal movement. For effective 
Movement Ecology research, concurrent data is required on numerous ecological parameters 
such as location and behaviour. The methods described here offer such means to obtain this
information, and so should be considered an important component of a Movement Ecology 
‘Toolkit’, a suite of methods which will provide researchers in this field to better explain the 
phenomena of animal movement patterns.
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Chapter 1
Introduction
Owen R. Bidder
Why is animal movement important?
Movement for obtaining food
All organisms in the kingdom Animalia must ingest the products of others for their 
energy. Whilst some are sessile, i.e. they remain stationary, many utilise movement in order 
to achieve this. Given that the majority of animals move in some way, understanding the 
benefits, limitations and rules that govern animal movement becomes one of the central 
themes of the zoological discipline. Through understanding this central aspect of animal 
lives, we can better understand the spread of zoonotic diseases (Fevre et al., 2006), control
i
pests (Stinner et al., 1983), conserve endangered species (Cooke, 2008) and improve animal
i
| husbandry (Guo et al., 2009). Thus, understanding animal movement becomes a key 
| objective of zoological study, with practical implications for how humanity interacts with the
! animals with which we share our planet.
Motile animals must move throughout their environment in order to encounter prey and 
I ingest them. Animals that live in areas of poor resource availability or high population
i
density must dedicate more time and energy to obtain sufficient prey, which can be observed 
via their movement patterns (Powell, 1994). Some species alter feeding strategies based on 
food availability, and will travel further and stay longer at good feeding sites (Boersma and 
Rebstock, 2009), so that movement patterns can be indicative of an animal’s habitat quality. 
Given that an animal’s survival (and consequently reproductive fitness) often relies on its 
ability to find and catch food effectively (e.g. Shaffer et al., 2003), numerous selective
i
pressures have influenced their movement methods, mechanisms and strategies (Bartumeus et 
al., 2002; Cavagna et al., 1977; Pianka, 1997; Root and Kareiva, 1984). Thus, understanding 
how animals find (Perry and Pianka, 1997), pursue and capture (Wilson et al., 2013) prey is 
important because of the implications for animal demography (Morales et al., 2010).
Movement in sexual behaviour
The majority of animals reproduce sexually, although parthenogenesis is possible in some 
sharks (Chapman et al., 2008; Chapman et al., 2007), snakes (Booth et al., 2010) and many 
insects (Suomalainen, 1962). One of the requirements for sexual reproduction is an effective 
mechanism to find conspecifics of the corresponding sex. In order to find suitable mates, 
many animals must move through their environment. Strategies exist that optimise the 
probability of encountering mates (Alcock, 1980; Kokko and Wong, 2007; Schwagmeyer, 
1988; Thornhill and Alcock, 1983; Tsai and Lee, 1997) as success or failure to find mates has 
a direct impact on individual fecundity, thus introducing an important selective pressure on
2
animals to find mates effectively (Magnhagen, 1991). Some species may require additional 
resources in order to reproduce successfully, such as nest cavities etc. The ability to find and 
occupy these sites is directly linked to whether or not an individual can breed or become a 
non-breeding member of the population, or ‘floater’ (Brown, 1969; Penteriani and Delgado, 
2009). Again, through study of animal movement for this purpose, we gain an understanding 
of which individuals may be successful in their efforts to mate, which in turn has 
demographic implications for those species. In addition, movement between subpopulations 
by individuals is required for gene glow within a metapopulation, and the degree to which
I this movement occurs can have significant impact on population viability and ultimately
i
I species conservation (Hanksi and Gaggiotti, 2004; Hanski, 1998; Tilman et al., 1994).
i
Avoiding predation
! Another primary reason animals move is in order to avoid predation. How and when animals 
move for this purpose is one of the central themes in Behavioural Ecology; the ability of 
animals to avoid predation is subject to their strategy to avoid being detected and their 
capacity to escape once they are (Houston et al., 1993). This key selective pressure influences 
in which areas and habitats animals occupy (Schneider, 1984; Werner and Hall, 1988; Yoder 
et al., 2004), their level of vigilance (Elgar, 1989; Lima, 1987; Vasquez et al., 2002) and the 
group size they prefer (Hoare et al., 2004; Treheme and Foster, 1980), which in turn subject 
to its own costs (Chapman and Chapman, 2000), benefits to navigation (Codling et al., 2007),
| and intra-group movement strategies (Dumont et al., 2005; King et al., 2012). Biomechanical
j
I capacities are vulnerable to phenotypic plasticity as predation pressures fluctuate (Domenici,
I
| 2010; Hawlena et al., 2011). Thus as animals are subjected to changes in predator density or
efficacy, they must in turn adapt. An example of such a process has been demonstrated in 
Chilean scallop (Argopecten purpuratus). As domesticated stocks were alleviated from 
predation, they were able to invest more energy into gonadal maturation and spawning, 
making them more cumbersome and vulnerable when predators were introduced, compared 
to their wild counterparts (Brokordt et al., 2006). The behavioural strategies of movement for 
the avoidance of predation are diverse and well researched. They include strategies as to 
when to flee once a predator is detected, i.e. delayed movement (Broom and Ruxton, 2005; 
Cooper, 2006; Lazarus, 1979; Seghers, 1981) and how to move through the environment to 
decrease detection risk (Fishchhoff et al., 2007; Ioannou and Krause, 2009).
Thus it is clear that movement incorporates a major facet of animal life. It incurs costs in 
energy (Tucker, 1970) and risks from predation (Fishchhoff et al., 2007; Houston et al.,
1993), but allows animals to find mates (Alatalo et al., 1988; Rohr and Madison, 2001) and
food (Fritz et al., 2003; Pyke, 1984; Sims et al., 2011). By understanding the rules that govern 
how, when and why animals move, we approach an understanding of why some individuals 
fare better than others, with implications for all levels and scale of ecology and life on earth 
(Nathan et al., 2008). It is for this reason that biologists have concerned themselves with 
animal movement for centuries.
The origins of animal movement study
! Man has been intrigued by animal movement for millennia (Nathan et al., 2008).
| Ancient thinkers such as Homer observed the disappearance of cranes in his Iliad, suggesting
|
that they flew to the ends of the earth once they were done breeding in Greece. Aristotle
| mused over the intricacies of animal movement throughout much of his writing. He describes
i
| the phenomenon of how redstarts turn into robins in On the History o f Animals, due to the
|
| disappearance of one coinciding with the appearance of the other. In his treatise “De Motu 
Animalium” (On the Movement of Animals) he described the capacities of animals for 
movement and how this impacts upon their lifestyles. Despite being written over 2,300 years 
ago, Aristotle’s work was inspired by his perception of motion machineries and how limbs 
and joints dictated an animal’s capacity to move. But critically, Aristotle recognised that 
animals must move for a purpose, that they possess desires and motivations, whether
! ‘appetite’ or ‘imagination’. He wrote “now we must consider in general the common reason
j  for moving with any movement whatever, for some animals move by flying, some by
swimming, some by stepping, some in other comparable ways” (Nussbaum, 1978). Despite 
the passing of millennia, researchers are still roused today by Aristotle’s challenge and, in 
some senses, are no nearer to dealing with many of its fundamental elements.
Other accounts and descriptions of animal movement can be found throughout 
history. For example, during the 7th century B.C., the prophet Jeremiah made the observation 
that birds would travel to far off places, and that these movements coincided with the 
seasons, an obvious allusion to the modern-day, much studied, migration (Nathan, 2008). 
How would Jeremiah have reacted if he had learnt of the 40,000km round trip migration by 
Arctic terns (Hatch, 2002)? Throughout history animal movement continued to captivate and 
inspire the human imagination. This curiosity for animal movement inspired some to mark 
animals, so that the movements of individuals could be determined. There are tales of the 
kings and noblemen of Europe losing their banded falcons, only to have them found on the 
other side of the continent. The great 19th Century ornithologist, John James Audubon, in an 
effort to understand the movements of eastern phoebes, tied yam to their legs. He noted that
4
they would return to the same nesting sites each year (Buchanan, 2005). With the revolution 
in ecological understanding prompted by the publication of Darwin’s theories on evolution, 
animal movement began being considered within an adaptation context. Animals exhibited 
certain physical traits but also habits and movement patterns, Darwin remarked “most 
animals and plants keep to their proper homes, and do not needlessly wander about” (Darwin, 
1861).
tT iThe conceptual and methodological advances in the 20 century, capture-mark-release
I (Sanderson, 1966), line and spool (Boonstra and Craine, 1986), VHF telemetry (Craighead,
1982; Craighead et al., 1995) and the discipline of ethology (Tinbergen, 1963), allowed for a
I more rigorous description of animal movement and behaviour within the environment.
|
I Towards the latter half of the 20th century, research on animal movement saw a distinct shift,
i
\ from parochial descriptions of animal habits, towards studies that attempted to synthesise far-
i  reaching explanations for what was observed (Tinbergen, 1963). More recently, interest in
animal movement research has accelerated, so that between the years 1998-2008, over 26,000 
scientific articles pertaining to organismal movement were published (Holyoak et al., 2008).
I These papers cover diverse aspects of animal movement, describing an animal’s capacity for
movement (Vogel, 2003), animal senses, navigation mechanisms and the decisions that 
prompt animals to move (Jeffery, 2003). Others synthesise and hypothesise on which 
movement strategies may maximise profit in various currencies, such as survival, fecundity
| or energetic gain (Fretwell and Lucas, 1969; Orians and Pearson, 1979). This paradigm is
i
| extended further still, by those who model the ‘steps’ in animal movement, explaining such
movement as analogous to, for example, a series of random walks (Morales et al., 2004) or 
correlated random walks (Bovet and Benhamou, 1988; Johnson et al., 2008). This has led to 
the development of the Levy Flight Foraging Hypothesis (Viswanathan et al., 2011), 
prompting fervent debate as to mechanisms driving animal movement behaviour (Bartumeus 
and Levin, 2008; Benhamou, 2007).
However, very few studies have adopted a holistic approach to animal movement research 
(Holyoak et al., 2008), although some have sought to bridge themes and ideas from more than 
one paradigm or discipline (c.f. Borger et al., 2006; Dickinson et al., 2000). This prompted 
Nathan et a l, (2008) to propose the unified movement ecology paradigm, which advocates 
considering the adaptive significance of animal movement by integrating biomechanical, 
cognitive, random and optimality approaches. In order to do this, we must augment the 
collection of animal position data with corresponding physiological, behavioural and 
environmental data (Nathan et al., 2008). However, one of the restrictions facing movement
ecology is the shortage of methods that enable these data to be collected concurrently (Nathan 
et al., 2012).
Biotelemetry and Movement Ecology
In order to understand animal ecology better, researchers should study wild 
individuals, not least because the habits of captive examples can be atypical of their species 
(e.g. Marriner and Drickamer, 1994). However, studying animals in the wild can be difficult 
when they operate in environments that prohibit direct observation (e.g. Davis et al., 1996; 
Mann, 1999; Roper et al., 2001). Biotelemetry methods, which seek to monitor animals 
remotely by the use of animal-attached technology, offer a means to study those species 
which human observers cannot follow (Cooke et al., 2004b), and allow the study of 
unrestrained animals in their natural environment (Cooke et al., 2004a). Examples of 
technologies frequently employed in Biotelemetry include VHF- and acoustic telemetry 
(Honess and MacDonald, 2003; Lee et al., 1985), GPS (Recio et al., 2011), heart rate 
monitors (Southwood et al., 1999), (Dewar et al., 1999) and multi-channel data loggers 
(Wilson et al., 2008).
Biotelemetric methods have been used successfully to study a range of taxa (e.g. 
Butler et al., 1995; Butler and Woakes, 1980; Cooke et al., 2004c; Halsey and White, 2010; 
O'Dor, 2002; Priede and Swift, 1993; Read, 2002; Scheibe et al., 1998; Southwood et al., 
1999; Webber et al., 2001; Wolcott, 1995), which is testament to their efficacy and utility. 
One of the strengths of biotelemetry is the variety of technologies available to measure or 
estimate (including by proxy) numerous variables of ecological significance such as energy 
expenditure (Gleiss et al., 2011), animal location (Cagnacci et al., 2010), internal chemistry 
(Budinger, 2003), ingestion rate (Wilson et al., 2002b), limb orientation (Wilson and Liebsch, 
2003) and various environmental parameters (Lydersen et al., 2002; Simmons et al., 2009; 
Wilson et al., 2002a). By producing virtually continuous high resolution data on numerous 
parameters simultaneously (e.g. Davis et al., 1999), ecologists are able to partner 
physiological and behavioural data from individual animals to the environments from which 
they are acquired (Butler et al., 2004; Lucas et al., 1993). This is particularly germane in 
movement ecology research, where this synchronous information is required in order to 
facilitate the unification of the various paradigms related to animal movement ecology 
(Nathan et al., 2012).
Multi-channel data loggers in particular, exhibit particular promise for movement 
ecology because, by their very definition, they collect information on numerous parameters at 
once (Gleiss et al., 2009; Ropert-Coudert and Wilson, 2005; Wilson et al., 2008). Multi­
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channel data loggers are devices which typically contain a suite of sensors for collection of 
environmental, inertial and magnetic data (Bidder et al., 2012; Wilson et al., 2008). When 
environmental sensors (such as temperature, light intensity and barometric pressure) are 
coupled with information on position, they enable researchers to investigate animal habitat 
preferences (Simmons et al., 2009). In addition, animal behaviour may be elucidated from 
accelerometers within the logger (Gomez-Laich et al., 2008; Shepard et al., 2008) and, in 
turn, this information can be coupled with environmental data to investigate an individual 
animal’s response to particular environmental conditions (Cooke et al., 2004b). When 
information on acceleration and magnetic orientation are combined, an animal’s position and 
track may be calculated by a method known as dead-reckoning (Wilson et al., 2007). Multi­
channel data loggers have the advantage over other forms of biotelemetry in that they store 
information in on-board memory (Wilson et al., 2008) and thus are not dependent on the 
vagaries of the environment to return data to the researcher, by transmission telemetry for 
analysis (Wilson et al., 1991). However, animals may be adversely effected by being 
equipped with data loggers, and efforts to establish best practice are on-going (Hawkins, 
2004; Igual et al., 2005; Vandenabeele et al., 2012; Vandenabeele et al., 2011; Wilson and 
McMahon, 2006). In addition, there are deficiencies in the methods available, and these must 
be addressed before Biotelemetry can be fully adopted by the movement ecology community.
The Movement Ecology Toolkit -  a Thesis
This thesis aims to develop novel methodologies which equip researchers of 
movement ecology to utilise biotelemetry devices, particularly multi-channel data loggers 
such as the Daily Diary (Wilson et al., 2008), for two key purposes; the derivation of 
behaviour automatically, and determination of location at a fine scale.
Prior to this thesis, experience and judgement was required to navigate the nuances 
associated with multi-channel data loggers; devices attached to wild animals were frequently 
lost, resulting in low samples sizes, behaviour had to be manually elucidated from 
acceleration data (which was partially subjective and required a keen eye on the part of the 
researcher), and fine-scale animal location data were only available to researchers working 
with marine species or were large enough to be equipped with large batteries for high 
resolution GPS. All of these issues hampered widespread adoption of multi-channel data 
loggers by the movement ecology community. Addressing these issues was a primary 
motivation in the preparation of this thesis.
7
Accordingly, this thesis is divided into sections that address three pressing issues for 
movement ecology;
(i) How researchers can better ensure successful deployments of biotelemetric
devices and thus maximise sample sizes.
(ii) How fine scale animal location data can be calculated for terrestrial species,
so that the significance of behaviours can be considered in the context of 
where they occur in the environment.
(iii) How researchers can automate the detection of behavioural signals in 
accelerometer data, so that their use is more accessible and objective.
These themes are considered in the following chapters;
Section 1
The first section, which consists of Chapter 2, introduces a new method by which 
researchers hoping to use biotelemetric equipment may audit their deployment procedures in 
order to diagnose risk prior to commencement of the study. Over the past two decades, 
developments in solid state technology have provided biotelemetry devices capable of remote 
measurement of animal position, physiology, energetic status and behaviour (Cooke et al., 
2004b; Priede and Swift, 1993). However, adoption of these methods by the wider scientific 
community is retarded by equipment costs (Cooke et al., 2004b). Thus failure to retrieve 
these devices can result in wasted funds, further expense and low sample sizes, quite aside 
from the ethical implications because equipping wild animals with biotelemetric devices is 
also likely to induce stress and discomfort (Vandenabeele et al., 2012; Vandenabeele et al., 
2011; Wilson and McMahon, 2006). It is for these reasons that deployment procedures 
should be as robust as possible (c.f. Hawkins, 2004). The method detailed in this chapter 
adapts a commonly implemented procedure for industrial systems called Event Tree Analysis 
(Andrews and Ridley, 2002). Event Tree Analysis has already been applied to other non­
industrial disciplines such as fisheries management (Linder et al., 1987), and public health 
(Dowie et al., 2003). The Biotelemetry Event Tree (BET) utilises fuzzy logic (Huang et al., 
2001) in order to overcome deficiencies in the availability of relevant reliability data for 
biotelemetric equipment and procedures (c.f. Patterson and Hartmann, 2001). In order to 
encourage the uptake of this method, a program for performing BET analysis was produced
8
in collaboration with the College of Engineering at Swansea University (see Appendix, 
Chapter 2).
Section 2.
The second section of this thesis aims to present dead-reckoning as a means to 
reconstruct terrestrial animal movement. Understanding the link between animal behaviour 
and movement is critical to understanding the interaction between animals and their 
environment (Holyoak et al., 2008) and understanding animal movement patterns is a 
prerequisite to effective conservation (Rubenstein and Hobson, 2004). Dead-reckoning is a 
method that can provide information on fine scale animal movement by using information on 
heading, speed and change in vertical axis, i.e. depth or altitude (Wilson et al., 2007), all of 
which can be recorded using multi-channel data loggers (Wilson et al., 2008). The method 
has been used primarily for marine species (Shiomi et al., 2008; Ware et al., 2011; Wilson et 
al., 2007) but is yet to be adapted for use in terrestrial environments, in part because of 
difficulties in measuring speed (c.f. Shepard et al., 2009). Chapter 3 aims to address this by 
developing Dynamic Body Acceleration (DBA), as measured by accelerometers, as a proxy 
measure for speed. This chapter focuses on Overall Dynamic Body Acceleration, or ODBA 
(Wilson et al., 2006) specifically, as a means to measure speed in order to inform terrestrial 
dead-reckoning calculations, and illustrates its utility in this capacity using a proscribed field- 
trial.
However, animal movement costs are known to vary on the fine scale (Shepard et al., 
2013). This is, in part, related to the varying compliances of substrates and gradients to 
locomotion (Kerdok et al., 2002; Lejeune et al., 1998; Pandolf et al., 1976). The 
interrelationship between energy expenditure, speed and dynamic body acceleration is well 
documented (Gleiss et al., 2011; Halsey et al., 2009b), and so estimations of speed produced 
according to the procedure detailed in Chapter 3 may be subject to perturbation when animals 
move through heterogeneous environments. Chapter 4 explores this issue further, through a 
controlled experiment in which human participants were made to run over various surfaces 
whilst dynamic body acceleration was recorded. In order to provide the optimal estimation of 
speed, four different metrics derived from accelerometers were tested to see which was 
perturbed least. This work led the proposal of a new methodology, where possible 
accumulated errors in dead-reckoned tracks, a result of locomotion over heterogeneous 
surface types within the environment, could be corrected using a secondary means of 
telemetry e.g. GPS or VHF telemetry.
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This dead-reckoning methodology is trialled for the first time in Chapter 5, using 
domestic dogs and horses as easily controlled model species. These animals were equipped 
with multi-channel data loggers capable of measuring tri-axial acceleration and compass 
heading (see Wilson et al., 2008), and an archival GPS logger for validating the calculated 
track. This chapter details the intricacies of dead-reckoning, which environmental factors 
may be problematic and introduces a new software system which should make the techniques 
detailed accessible to researchers in biology without the need for complex computational 
skill. This method has broad implications for our conceptual understanding of animal 
movement strategies. Currently, models for animal movement are derived from temporally 
discontinuous location data, with measures of distance estimated via straight line connection 
of these points (Marell et al., 2002; Ramos-Femandez et al., 2004; Rowcliffe et al., 2012; 
Viswanathan et al., 1996; Viswanathan et al., 2008). The distance travelled is likely to be 
underestimated in studies such as these, because animals are known to travel tortuous paths 
between positional fixes (Benhamou, 2004; Bovet and Benhamou, 1988; Codling et al., 
2008). A means to record track tortuosity and true distance of free living animals has been 
urgently needed (Rowcliffe et al., 2012) and the dead reckoning procedure detailed here will 
ultimately enable researchers to produce models that better reflect the true nature of animal 
movement.
Appendix 1 illustrates an application of the dead-reckoning technique. There have 
been many studies seeking to explain animal movement in the context of foraging strategies, 
and animals are said to adopt numerous stochastic strategies which optimise resource 
encounter rates, e.g. Correlated Randon Walk, Brownian motion and Levy walks 
(Schlesinger, 2009; Viswanathan et al., 2008). These models for animal movement tend to 
assume that the cost of transport is constant throughout foraging periods. In Appendix 1, 
work is presented that illustrates that animals must expend additional energy when turning 
rather than travelling in a straight line, and so track tortuosity is an ecologically significant 
parameter that merits consideration. This is supported by theoretical modelling of bird flight 
and through empirical measurement of turn costs during an experiment undertaken with 
human participants. The work predicts that animals will only perform turns when it 
energetically profitable to do so, i. e. when turning increasing the likelihood that a resource is 
encountered. This decision may be influenced by sensory input or memory, and this may 
explain why Andean condors (Vultur gyphus) predominately travel in straight lines until they 
encounter energetically profitable thermals (Appendix 1).
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Section 3.
The third and final section of this thesis explores new methodologies that seek to 
automate the identification of signals that characterize animal behaviour from accelerometer 
data. Chapter 6 details the application of a primitive machine learning algorithm, k -  nearest 
neighbour (KNN; Cover and Hart, 1967), for this purpose. One of the advantages of adopting 
a biotelemetric approach to movement ecology research is that animals may be monitored 
[ even when they live in environments that preclude direct observation (Cooke et al., 2004b;
f
1 Wilson et al., 2008). One suite of sensors; the triaxial accelerometer (Yoda et al., 2001; Yoda
| et al., 1999), also sometimes referred to as inertial sensors (e.g. Fourati et al., 2011 and
i
j references therein), have shown particular promise as a means to monitor the behaviour of
| free-living animals (Halsey et al., 2009a; Halsey and White, 2010; Kato et al., 2006; Yoda et
i
al., 1999). In the past, these behaviours were detected in accelerometer data via manual 
| inspection (Gomez-Laich et al., 2008; Shepard et al., 2008). However, given that modem
accelerometers can now record as frequencies >300 Hz (Wilson et al., 2013) and produce 
large data sets, manual inspection is no longer practical. The method detailed here is 
illustrated using examples of bipedal, quadrapedal and volant species, and its precision is 
compared to other comparable, recently proposed techniques (e.g. Nathan et al., 2012).
In Appendix 2, the problem of identifying behavioural modes in acceleration data is 
addressed using a Support Vector Machine (SVM) algorithm (Martiskainen et al., 2009). This 
i is a sophisticated machine-leaming algorithm that classifies data based on a breadth of 
summary statistics, such as Standard deviation, Signal magnitude area and Waveform length 
(see Appendix 2 for details). In order to make the algorithm accessible to the scientific 
community, the chapter also details the development of a software suite, Semantic 
Annotation and Activity Recognition (SAAR). This software is web-based and, as such, 
freely available and easily accessed. The benefits and disadvantages of such a system are 
discussed and recommendations for future developments of the software suggested.
One of the disadvantages of using machine-leaming algorithms to classify 
accelerometer data into behavioural modes is the requirement for ‘training’ data in order to 
establish definitions for all expected behaviours. This is usually achieved by an initial period 
of observation, during which the researcher validates the incidence of behaviours visually. 
This requirement can be problematic for species which are not easily observed, or for species 
with no captive populations available, e.g. Ethopian wolf, Canis simensis (Gottelli and 
Sillero-Zubiri, 1992). Thus, it may be useful if machine learning algorithms could be trained 
on a surrogate species. In Appendix 3 the SVM system introduced in Appendix 2 is trained
11
using a surrogate species, the domestic dog. The behavioural definitions obtained from this 
surrogate are then applied to data obtained from other species. The classification efficacy is 
correlated with the extent of morphological similarity (taken as spinal length to height ratio) 
in order to explore the requirement for morphological similarity between surrogate and target 
species.
Chapter 7 presents a synopsis of the research detailed in this thesis, providing 
perspective on its wider significance to the field of movement ecology. Future avenues of 
research are explored, considering further exciting applications for animal-attached 
technology, and how these techniques will continue to provide new insight into the lives of 
wild animals.
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ABSTRACT
1. The use of biotelemetry methods can provide information on animal behaviour, 
movement ecology and energetics. However, deployment of biotelemetry equipment on 
free living animals incurs risk of damage or loss, which can result in high cost and low 
sample sizes.
2. In order to facilitate the uptake of these methods, the authors have recognised the need 
for a prescribed procedure for assessing failure risk in biotelemetry studies. Here, we 
have adapted a commonly used technique in industry and engineering, Event Tree 
analysis, to facilitate risk estimation and deployment procedure critique.
3. This method may incorporate the use of fuzzy logic to accommodate the uncertainty and 
scarcity of technical data that are often associated with animal biotelemetry equipment 
and techniques.
4. In order to encourage the adoption of this method by the scientific community, we have 
developed a freeware program, Biotelemetry Event Tree (BET). The authors advocate the 
use of this method, in the interests of scientific robustness and animal welfare.
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INTRODUCTION
Biotelemetry uses sophisticated technology for the remote measurement of animal 
position, physiology, energetic status and behaviour, and is now an established practice for 
i biologists (see Cooke et al., 2004; Priede and Swift, 1993). These methods allow the acquisition
ii
I of data in situ, which enables insight into animal behaviour, physiology and energetics to inform 
basic biology, as well as conservation and management practices (Cooke, 2008; Ropert-Coudert 
and Wilson, 2005; Wikelski and Cooke, 2006). Developments in biotelemetry over the past two 
I decades have made possible paradigm shifting work that has altered our understanding of animal 
ecology (Block et al., 2001; Campbell et al., 2013; Khanvilkar et al., 2009; Sims et al., 2008).
However, one of the factors hindering the widespread adoption of biotelemetric methods 
is cost, because the equipment (e.g. tags) required to conduct these studies can be expensive 
(many over £lk) and represent a significant investment for any research group (Cooke et al., 
2004). Deployment of this equipment on free-living animals, often operating in environmentally 
harsh environments, comes with inherent risk of loss or failure, so any means that may mitigate 
the risk of undesired deployment outcomes is beneficial.
The deployment of biotelemetric devices also has implications for animal welfare 
(Hawkins, 2004), as capture, handling and device attachment, either externally (Handcock et al.,
: 2009; Wilson and McMahon, 2006) or internally by surgical procedure (e.g. Cooke et al., 2005; 
Martiskainen et al., 2009; Nathan et al., 2012), are likely to result in some degree of discomfort 
to the subject animal. For every failed deployment on an animal, stress has been induced 
fruitlessly. Thus, biotelemetric projects should be as robust in design as possible, not just to 
avoid tag loss, but in order to obtain an adequate data set from as few animals as possible (c.f. 
Hawkins, 2004).
A commonly employed method for estimating failure risk in industrial systems is Event 
Tree analysis, sometimes referred to as cause-consequence diagrams (Andrews and Ridley, 
2002). The method was first used to audit the safeguards in the nuclear power industries 
(Andrews and Moss, 1993), but has since been used for chemical processing, offshore oil & gas 
production, and transportation (Andrews and Dunnett, 2000). Event Trees have also been 
elegantly applied to non-industrial disciplines, namely fisheries management (Linder et al., 
1987), and public health (Dowie et al., 2003).
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Event Trees are a diagrammatic method that makes use of inductive logic to explore 
possible system outcomes given an initiating event (Huang et al., 2001). Systems are divided into 
the stages required for their proper function. This method should also be applicable for use in 
auditing risk in biotelemetric studies because the sequential stages of device deployment are 
analogous with those of the safeguards designed into many industrial systems (Huang et al., 
2001). Similarly, the stages of biotelemetric deployments are also dependent on the correct 
functioning of previous stages, and all stages must function in order for the deployment to be 
fully successful.
The probabilities of the system outcomes (i.e. the extent to which system outcomes are 
likely to occur or not) can be calculated in conventional Event Trees by inclusion of component 
reliability data (Smith, 2001). When relevant data are available for the sequential stages of 
biotelemetry deployments, they can be incorporated directly into the Biotelemetry Event Tree. 
This data may be available for specific activities for which models have already been 
constructed, such as that for detection probability of acoustic tags described in McMichael et. al, 
(2010). However in many cases, precise calculations of failure probabilities using precise values 
are difficult because of the inherent uncertainty, imprecision or unavailability of relevant data. 
This too is often the case in biotelemetric studies (for more information, see Discussion), where 
relevant models for estimating the probabilities of success of specific actions/stages are not 
widely available (c.f. Patterson and Hartmann, 2001). In cases such as this, the use of fuzzy logic 
to estimate the probability of success may be possible (Dumitrescu et al., 2002; Huang et al., 
2001; Kenarangui, 1991).
Fuzzy logic allows the quantification of uncertain parameters, expressing them by a 
degree of membership to groups, or “fuzzy sets”. Rather than using precise values, some 
processes, such as the likelihood of failure as a result of human error, are better represented by 
fuzzy sets. Huang et a l (2001) argue that human error is difficult to model accurately with 
traditional “crisp values” because there are so many possible contributing factors, which are 
difficult to quantify accurately. This is also true of many activities in biotelemetric studies. For 
example factors such as the weather may have a substantial influence on the availability of 
animals for capture (e.g. Moore and Kennedy, 1985; Saunders et al., 1993; Van Hensbergen and 
Martin, 1993), but it is particularly difficult to quantify and incorporate the state of the weather 
into Event Tree analysis, especially if the Event Tree is prepared an appreciable time before the
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tag deployment is to take place. These often intangible quantities make traditional Event Tree 
computation with precise values difficult. Thus, in instances where there is an absence of reliable 
data, fuzzy set Event Trees have the capacity to derive stage success probabilities from an 
aggregated poll of expert opinions, and thus are far easier to quantify.
Although methods for Event Tree analysis in industrial systems exist, their calculation by 
hand is difficult. Software for these purposes has been developed, but their application to 
biotelemetry studies is problematic, often because the input fields require data that are not 
always available or the fields themselves are not applicable. Recognising the value in assessing 
risk in biotelemetry studies, the purpose of this paper is to outline a method for constructing 
Biotelemetry Event Trees based on the Fuzzy Set Event Tree outlined in Huang et a l (2001). 
This method allows researchers to incorporate probabilistic data where it is available, and 
continue analysis for instances when it isn’t. The merit of such an activity lies in helping 
researchers identify weaknesses in deployment protocol in a robust and formal way, without 
necessarily requiring researchers to perform complex modelling or obtain substantial additional 
data. The Event Tree analysis deals with the probability of successful data acquisition rather than 
explicit welfare considerations, however some benefit to animal welfare is implicit because more 
robust deployment procedures require that fewer animals are equipped to obtain a sufficient 
sample size (see above). In order to encourage the adoption of this method, a purpose-built 
freeware program “BET” (Biotelemetry Event Tree) has been developed for use by the scientific 
community.
METHODS 
Event Tree analysis
The Event Tree is a diagrammatical representation of the “system”, where by the system 
includes the combination of equipment and actions required to obtain data for the purposes of the 
study. Event Trees are usually constructed horizontally, starting on the left with the initiating 
event. This initiating event describes a scenario or situation whereby the system is required or in 
demand (for industrial systems this is usually a fault or error) (Andrews and Moss, 1993). In the 
case of biotelemetry studies, the initiating event is usually taken to be the commencement of the 
study. The tree then continues in stages, which are ordered from left to right in the chronological 
sequence in which they occur. The combination of these sequential stages should be sufficient
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for the successful acquisition of data from the subject, and can differ according to the parameters 
of the study and the equipment used. For example, the information saved in some biotelemetry 
units for access upon recovery, usually by re-trapping the animal (e.g. Wilson et al., 2008) can be 
accessed remotely by others, such as via antenna or satellite relay (e.g. Gao et al., 2013; Hays et 
al., 2003). Despite these minor differences in procedure, we propose that there are 5 broad stages 
required for acquisition of data in biotelemetry studies. These stages are; Capture, Attachment, 
Recording, Detachment and Recovery. Each of the stages will result in a branch point on the tree, 
with upward and downward branches representing success or failure of the system at these stages 
respectively.
The stages are qualified thus;
Capture describes the exercise of obtaining an animal (e.g. by trapping) and equipping it 
with telemetry equipment (Cooke et al., 2004) for the acquisition of data, followed by the re- 
release of the equipped subject.
Attachment represents the period for which the device is animal-borne, for which 
consistent attachment is required. If the device fails to maintain attachment (either by detaching 
entirely, or in the case of accelerometer studies, changing position, see below) the system will 
fail, and an incomplete data set will be obtained.
Recording may be taken to include the successful initiation of the device, all its proper 
function, and cooperation by the subject animal (be it performance of a target behaviour or 
residence in a required area) required for successful data acquisition. Failure at this stage may 
occur as a result of incorrect setup of the device, in which case the device may fail to initiate 
recording; or insufficient battery/memory capacity or transducer failure (in the case of archival 
tags), in which case only part of the required data set is obtained. In the case of telemetry 
systems which require some form of signal transmission (e.g. VHF or transmitter data loggers), 
failure can occur if the device cannot transmit the data, because, for example, the transmission 
antenna breaks (however reception of the data falls under the recovery stage, see below)
Detachment is the stage which involves the removal of the device from the animal. This 
may involve either some form of pop-off mechanism (e.g. Merrill et al., 1998), or by manual 
removal of the device once the animal is recaptured (this includes any surgical procedure to 
remove device planted sub-cutaneously). For studies where device detachment is not necessary 
for achieving data acquisition (e.g. the device transmits the data) this stage may be disregarded
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although it may be applicable if data transmission requires that the device-carrying animal has to 
be within a particular distance of a receiver (e.g. Pastell et al., 2009, see Appendix 4).
Recovery is the final stage, and involves all actions by which the data are transferred from 
the recording device, onto another for analysis. This may involve the physical location (e.g. via 
VHF; Deutsch et al., 1998) and retrieval of the device or simply the acquisition of the data from 
the device via a transmission mechanism. For studies where the device has been removed from 
the animal after recapture, this stage may be disregarded, as recovery is implicit in the device 
removal procedure.
For elements of deployment procedures that may apply to more than one of the broad 
stages qualified here, we advocate assigning the element to only one of the stages so that the 
same risk of failure is not applied to both. Whilst the outcomes of the majority of stages will be 
binary (stages are either successful or fail), it is possible in some cases that a spectrum of 
outcomes are possible. For example, when deploying a device equipped with a tri-axial 
accelerometer it is necessary that the device orientation relative to the animal remain consistent 
in order to identify behaviour (Shepard et al., 2008). Thus if during the Attachment stage, the 
harness which holds the device in place on the subject alters position at all, accurate 
identification of behaviours is not possible. However, this failure is by no means terminal, as the 
device may still drop off at the correct time, be recovered successfully, and the data useful for 
other purposes such as the calculation of metrics such as Vectorial Dynamic Body Acceleration 
(VeDBA; see Qasem et al., 2012), which may be used as activity indices, or to estimate energy 
expenditure and speed (Chapter 4; Bidder et al., 2012; Gleiss et al., 2011). In this example, it is 
possible for the system to experience a partial failure at the Attachment stage, resulting in an 
incomplete, but not entirely useless, data set.
Quantification by Fuzzy Logic
In this section we give an explanation of the fuzzy mechanism required to perform Fuzzy 
Set Event Trees, however for a detailed introduction to Fuzzy Logic theory, please see Klir & 
Yuan (1995). All formulae in this section are presented according to the standards set out in 
Larson et. al. (1994), with a summary of the calculations given in the text. A Fuzzy Event Tree is 
based on the event structure described in the previous section and the associated uncertainties
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corresponding to its events. In many instances, such as those considered here, it is not 
practically possible to obtain sufficient data which would allow for event uncertainties to be 
quantified objectively. Instead, we adopt a semi-automatic paradigm, whereby subjective, 
human (“expert”) judgement is used to assess the likelihood of successful completion of each 
event in the tree. Specifically, in our system each expert quantifies his/her personal assessment 
of the likelihood of an event succeeding using one of seven linguistic descriptors. The reason for 
the use of 7 linguistic categories is motivated by evidence in psychology which suggests that on 
average the limits of the human working memory are achieved at the granularity level of 7 ± 2 
choices of this type (Wickens, 1992). In the increasing order of the likelihood they express, these 
categories are “Very low”, “Low”, “Fairly low”, “Medium”, “Fairly high”, “High”, and “Very 
high”. Each linguistic descriptor is then translated into computer understandable form 
(“fuzzified”) by mapping onto a trapezoidal fuzzy set. A trapezoidal fuzzy set is specified by a 
quadruplet (av  a2,a 3, a4) such that:
alt a2, a3, a4 E R and a± < a2 < a3 <  a 4 (1)
where R is used to represent the set of real numbers, 
with the corresponding fuzzy set membership of x  E R given by:
Explained in more intuitive language, instead of representing a specific linguistic 
descriptor using a single number, to account for the uncertainty associated with the subjective 
nature of linguistic quantifiers as well as their different understanding by different individuals, a 
descriptor is represented using a range of values. Values in the middle interval (a2, a 3) are 
considered most probable and equally likely, and are thus assigned the same membership value 
of 1. To clarify, a membership values describes the extent to which that interval ‘belongs’ to the 
fuzzy set (Klir and Yuan, 1995). Moving away from these middle intervals in either direction 
(i.e. towards a± or a4) the corresponding values are decreasing in the agreement with the 
linguistic descriptor and consequently their membership value slowly decreases too, vanishing at 
a1 and a4. For example, it is highly unlikely that an expert quantifying linguistically the
r 0
x  ~  ai i f  x  < a.! or x  > a4
(2)
i f  a3 < x  < a4
<.a4  c l3
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probability of an event occurring as “Very high” corresponds to the numerically quantified 
probability of 0.1. Therefore the fuzzy membership value of 0.1 should be very low.
Linguistic description Trapezoidal fuzzy set 
(a l, a2, a3, a4)
Very low (0.0 0.1 0.1 0.2)
Low (0.1 0.2 0.2 0.3)
Fairly low (0.2 0.3 0.4 0.5)
Medium (0.4 0.5 0.5 0.6)
Fairly high (0.5 0.6 0.7 0.8)
High (0.7 0.8 0.8 0.9)
Very high (0.8 0.9 0.9 1.0)
Table 1; Trapezoidal fuzzy sets assigned to each of the linguistic descriptors used by human experts to 
express the likelihood of success of a particular event in a fuzzy Event Tree. Also see Figure 1.
In this work we used the fuzzification mapping summarized in Table 1. A further 
graphical illustration of the corresponding membership functions is shown in Figure 1. Note that 
the trapezoidal fuzzy sets associated with “Very low”, “Low”, “Medium”, “High”, and “Very 
high” are degenerate and have the triangular fuzzy set form because of the collapse of the middle 
interval (a2, a3) into a point (i.e. a2 =  a 3).
High Very highVery low Low Fairly low Medium Fairly high
_ C(0
®  0.6 JQ
E
CD
2  0.4
0.2
0.90.2 0.3 0.4
Likelihood of success (x)
0.5 0.6 0.7 0.8
Figure 1; Graphical representation of trapezoidal fuzzy sets used by human experts to express the likelihood 
of success of a particular event in a fuzzy Event Tree; see Equation 2.
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To harness as much human expertise as possible and increase the estimation robustness, 
the uncertainty of success of each event is ideally assessed by more than one expert. When 
multiple opinions are available, we compute the trapezoidal fuzzy set associated with the 
uncertainty of the event by averaging the trapezoidal fuzzy set memberships corresponding to 
different expert assessments. Specifically, if the i-th expert assessment of success is represented
by the quadruplet (a[l\  a ^ \  a ^ \  a 4^ ), the average trapezoidal fuzzy set (a 1# a2, a3, a 4) of N 
expert opinions can be computed by averaging the corresponding parameters of the sets:
N
for 1 <  /c <  4. (3)
i = 1
The fuzzy Event Tree adopted in the present paper is binary -  each event is followed by a 
bifurcation depending on its successful completion or failure. If (alt a2, a3, a 4) is the 
trapezoidal fuzzy set quantifying the likelihood of the event being successfully completed, the 
trapezoidal fuzzy set describing the likelihood of its failure is (1 — a 4, 1 — a3, 1 — a 2, 1 — a i). 
Note the reversal of the ordering of the terms corresponding to the parameters alt a2, a3, a 4, 
necessary to maintain the condition expressed in Equation 1.
( CZ ^  ,<Z
( h
Event 1
v__________)
( l - a  2 , 1 - 0 2 , 1 - <^35 l ~ a 4 )
Figure 2; Key elements of a simple fuzzy Event Tree which comprises two events (stages) and three final 
outcomes.
Event 2
(1 Oj,l—Og,l a7,l Og)
Outcome 1 (a 9ia10’an>a12)
(Event 1 success. Event 2 success)
Outcome 2 (a i3>ai4’ai5>a u>)
(Event 1 success, Event 2 failure)
Outcome 3 (“ i7>ais>ai9.a2o)
(Event 1 failure, Event 2 failure)
Final outcomes
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The ultimate goal of fuzzy Event Tree analysis is to quantify the likelihood of each final 
outcome where a final outcome is defined by a path from the root of the tree to one of its leaves. 
In other words, a final outcome corresponds to a particular sequence of successful or 
unsuccessful events captured by the tree structure, as shown in Figure 2. This is achieved by 
multiplying the trapezoidal fuzzy set membership functions associated with each outcome along 
the path. For example, the trapezoidal fuzzy set (a9, a 10, a llf a 12) associated with “Outcome 2” 
in Figure 2 is obtained by multiplying (a1# a 2, a 3, a4) and (1 — a5, 1 — a6, 1 — a7, 1 — a 8). To 
maintain the trapezoidal form of fuzzy sets throughout the analysis, we adopt a simple product 
rule whereby two trapezoidal set membership functions are multiplied by multiplying their 
corresponding parameters:
^ 4 )  ^  ^ 7> ^ 3)  C ^ l^ S  1 ^ 2 ^ 6  > ^ 3 ^ 7  > ^ 4 ^ 8  )  (^ )
Very low Low Fairly low Medium Fairly high High Very high
0.6
0.4
0.2
0.90.2 0.3 0.4
Likelihood of success (x)
0.5 0.6 0.7 0.8
Figure 3; A trapezoidal fuzzy set is defuzzified into a linguistic description of the form “from < 
simple_descriptor> to < simple_descriptor>”, where each <simple_descriptor> tag is one of the phrases 
introduced in Table 1. The two individual descript
Lastly, to allow for the results of the analysis to be readily understood by non-expert 
users, our system performs ‘defuzzification’ of the fuzzy sets associated with each final outcome
i.e. each fuzzy set is mapped back into the linguistic domain. A trapezoidal fuzzy set 
(a l7 a2, a3, a4) is defuzzified as follows. Firstly, we compute two salient values, (a4 + a 2) / 2 
and (a3 + a4) / 2, as designated by red circles in Figure 3. These are then independently 
defuzzified, each into a simple linguistic descriptor as per Table 2 (also see Figure 3). The two
36
A Risky Business or a Safe BET?
simple linguistic descriptors are then used to construct a compound descriptor of the entire set in 
the form “from <simple_descriptor> to <simple_descriptor>”. For example, a trapezoidal fuzzy 
set (0.12,0.50,0.75,0.90) has 0.31 and 0.825 for the two salient values. Since 0.31 lies in the 
interval 0.25 -  0.45 it is defuzzified as “Fairly low”. Similarly, 0.825 being in the interval 
0.75 — 0.85 is defuzzified as “High”. Thus, (0.12,0.50,0.75,0.90) leads to the linguistic 
description of the associated likelihood “From fairly low to high”. In cases in which both 
constituent simple descriptors are the same (e.g. “From very low to very low”), the result is 
shortened to the form of the simple descriptor only (e.g. “Very low”).
Interval Linguistic description
0.00-0.15 Very low
0.15-0.25 Low
0.25 -  0.45 Fairly low
0.45 -  0.55 Medium
0.55-0.75 Fairly high
0.75-0.85 High
0.85-1.00 Very high
Table 2; The mapping used to defuzzify the two salient values of a trapezoidal fuzzy set.
Case Studies
For the purpose of illustrating how this analysis is undertaken, two contrasting case studies are 
presented (see suppl. inf.). The case studies detail two separate deployments made by researchers 
(the authors) previously, one on Andean condors, Vultur gryphus (Case study 1, see suppl. inf.) 
and the other on Magellanic penguins, Spheniscus magellanicus (Case study 2, see suppl. inf.). 
Both of these studies were undertaken in Argentine Patagonia.
The researchers were asked to detail the field method for each stage, using the questions in Box 1 
{suppl. inf.) as an aid. In this example, it was impossible to conduct the analysis a priori, so 
analysis was undertaken retrospectively. In practice, we advocate that researchers perform the 
analysis prior to device deployment in order to achieve maximum benefit, although a review of 
the procedure post hoc is also advised in order to review and refine the procedure used.
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Once the field procedure had been detailed, 3 of the researchers were asked to estimate the 
probability of failure according to the linguistic descriptions detailed in Table 2. These opinions 
were then used (for details see methods) to produce an Event Tree using the BET program, with 
final probability of success computed according to the calculations detailed in the methods 
section. For Case study 1, the BET analysis probability of success was “Very Low” (0.01, 0.02, 
0.04, 0.09). For Case Study 2, the BET analysis probability of success was “Medium to High” 
(0.36, 0.62, 0.62, 0.95).
DISCUSSION
Considerations in light of Case Studies
It is evident that deployment of biotelemetry equipment onto free-living animals is risky. Even 
when success seems virtually certain, as was the case of finding Magellanic penguins at a colony 
site during the second case study (see above), there is always a chance of failure (albeit 
minimal). Despite the extensive colony at the field site (Powers, 2011), the capture stage could 
have failed due to a catastrophic event, such as those which have decimated, or caused nest 
desertion at sea bird colonies elsewhere (Hays, 1986). The probability of this type of event 
occurring is small, but still worthy of consideration. It is for this reason that no linguistic 
category of “Certain” (i.e. a fuzzy set of 1, 1, 1, 1) was included in the Biotelemetry Event Tree 
method proposed -  in essence, none of the sequential stages is ever certain to succeed.
The number of stages undertaken during the deployment procedure has an effect on the overall 
probability of success, as success of any deployment is dependent on the successful operation of 
all prerequisite stages (Figure 2). Following the chain rule of probability, in the absence of 
certain success, the overall probability of success diminishes with each additional stage. The 
practical implication for the design of biotelemetry field procedures is that, all things being 
equal, simpler procedures with fewer sequential stages are more likely to be successful. This is 
illustrated well in the case studies, with a contrast in recovery procedures between the two. Case 
study 1 required that the detachment mechanism operated correctly and the researchers were 
subsequently able to locate the detached device via its VHF beacon {suppl. inf.). To obtain the 
device, both these stages would have to operate without fault, which is less likely than a single 
event operating without fault e.g. the location of the equipped individual in case study 2.
38
A Risky Business or a Safe BET?
The risk of failing to capture sufficient animals for the purposes of research can be avoided by 
choosing more common animals for research. However, often researchers must deploy 
biotelemetry equipment on less common or endangered species, because this is where the need 
for information is greatest. Also, biotelemetric methods may need to be used because others are 
inadequate to answer the questions posed (Cooke, 2008; Wilson et al., 2008). In such cases more 
time and resources must be invested in order to obtain sufficient individuals to meet the 
requirements of the study. If sufficient individuals cannot be caught, it is better to reconsider the 
study procedure, than inflict the implicit discomfort on the few that are caught needlessly (c.f. 
Hawkins, 2004). This is particularly germane for endangered species (Cooke, 2008; Sakamoto et 
al., 2009).
Bio telemetry Event Trees
In Biotelemetry studies there are mechanical, electronic, and human components, the interactions 
between which are difficult to quantify and model. In the present paper, the authors have aimed 
to illustrate how Event Tree analysis, which is already utilised in other disciplines (Andrews and 
Moss, 1993; Dowie et al., 2003; Linder et al., 1987), may be used to estimate the loss or failure 
of biotelemetry equipment.
In industry, Event Tree analysis is conventionally undertaken using detailed component 
reliability data (Smith, 2001). However, for biotelemetric studies, these data are often 
unavailable because devices are either designed and constructed ‘in house’ i.e. by the research 
group, or device manufacturers do not have access to specific component reliability data. If 
research groups report their experiences {e.g. in research articles) with the equipment they use, 
reliability data could be compiled and this may alleviate this difficulty in the future.
Some probabilistic models have been devised which are applicable to the stages of deployment 
detailed in the present paper. For instance the probability of obtaining animals may be described 
as the typical catch per unit effort (e.g. Andersson, 1976), or derived from a population density 
estimated cheaply prior to initiation of the live-trapping by camera traps (Karanth and Nichols, 
2011; Soisalo and Cavalcanti, 2006). The likelihood of area fidelity, necessary for recovery of 
archival loggers, may also be modelled (Casale et al., 2007). The probabilistic Barker-Bumham- 
White models (Barker et al., 2004; Barker and White, 2001; Barker and White, 2004) were
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initially devised to describe the encounter history of mark-recapture methods, with estimations of 
tag resighting and recovery. Such models could also be applied to biotelemetry deployment and 
device recovery. However, a solution is required that allows researchers to undertake risk 
assessment in biotelemetry deployments when data is deficient for probabilistic models, or those 
models have not yet been devised. The authors believe that the method of Biotelemetry Event 
Trees detailed in the current paper presents a workable means to audit risk for biotelemetry 
studies, even when probabilistic data are missing, as it does not require precise reliability data or 
detailed modelling skills. Nevertheless, if quantitative (‘hard’) data are available, they can be 
readily incorporated in the described framework. For example, if the probability of an event 
occurring can be estimated to be p, this can be represented by a trapezoidal fuzzy set (p — 
e, p ,p ,p  + e), where e is used to quantify the corresponding confidence interval of the estimate. 
Thus the method described is able to make use of probabilistic data and account for its absence 
with fuzzy estimations substituted.
A promising direction in which the methodology described in this paper may be extended 
includes the abandonment of fuzzy sets in favour of probability density functions employed 
within a Bayesian framework. This would facilitate a principled treatment of all challenges we 
discussed herein and also allow us to include in the model further subjective quantifiers such as 
the confidence of an expert in his/her estimate. The two main reasons why in this work we 
decided to use fuzzy sets stem from their simplicity of implementation, use, and presentation to 
the user, and their demonstrated success in other research disciplines such as engineering. The 
Biotelemetry Event Tree procedure is based on the Fuzzy Set Event Tree outlined in Huang et. 
a l (2001). The incorporation of fuzzy data relies on expert opinion and so is subjective, being 
reliant on perceived assessment of failure risk. However, as an exercise, the Biotelemetry Event 
Tree requires researchers to analyse their deployment procedure in a prescribed manner, 
providing a diagnostic tool for evaluating proposed procedures, and is preferable to the absence 
of any such risk assessment. Subjectivity could be mitigated by the inclusion of neutral expert 
opinions, obtained perhaps from outside the research group. Increasing the number of expert 
opinions gathered may make evaluations more accurate. However large groups that adopt the 
“wisdom of the crowd” approach (Yi et al., 2012) may result in high variability between 
estimations and may prove impractical. For smaller groups, if there is discord amongst the 
opinions used in the Biotelemetry Event Tree, this will result in very broad result classes e.g.
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Low to High. This feature is important because it indicates clearly that there is disagreement 
about the reliability of a certain procedure, and may be used to suggest that researchers address 
bottlenecks or problematic stages in the experimental design. Once these issues are addressed, 
and there is agreement, result classes will be less broad.
Expert opinion is used in the field of reliability engineering often, and there are numerous 
methods to aggregate multiple opinions (Luu et al., in press; Rednic et al., 2013). One such 
method, of weighting opinions, is described in Moon & Kang (2008), however this was 
discounted here because it was felt that weighting some opinions over others would result in 
greater subjectivity. Although the use of expert opinion suffers from subjectivity, it is the 
simplest way of incorporating uncertainty and complexity into a risk analysis. Onisawa (2013) 
argues that probabilistic methods are narrow because they are based on the principle that system 
operation is either successful or not, and that it cannot be both. This is an over simplification for 
biotelemetry studies because it is possible for a component to fail but for some usable results to 
be obtained (a partial failure, see above). Expert opinion is trusted in the safety analysis of 
complex technical systems (Lagarde et al., 2008), and even forms some component of the 
decision making process in IUCN red list classification (Moreau et al., 2009), so its use in many 
disciplines is not uncommon. During a biotelemetry study, there are numerous factors that can 
affect the success of each deployment stage, some of them are often unforeseen and difficult to 
predict, so any probabilistic method may suffer from the same subjectivity because ultimately it 
is the researchers’ decision as to which components and probabilistic models merit inclusion into 
the risk analysis. In the absence of ‘harder’ forms of data, the flexibility of a Fuzzy Set Event 
Tree, and its ability to deal with uncertainty, make this method robust for this type of risk 
assessment analysis (Huang et al., 2001; Wilson et al., 2013).
If the Biotelemetry Event Tree is to be adopted as best practice when deploying biotelemetry 
equipment on wild animals, further work must be undertaken to establish benchmarks for what 
defines ‘acceptable’ and ‘unacceptable’ risk. Presently, this judgement can only be made on a 
case by case basis. If funding bodies and peer-review journals are to make use of the method 
detailed here, work must be undertaken to improve its objectivity. This could be achieved by 
surveying a large number of researchers in order to correlate a priori assessment to project 
outcomes for a range of device configurations and target taxa. Such an endeavour represents an
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interesting avenue for further research, and may ultimately improve communication between 
research groups in the interest of refining their common practices.
Biotelemetry Event Tree Program
In order to encourage the use of Event Tree analysis in the discipline of animal biotelemetry, the
|
f authors have developed a freeware program, Biotelemetry Event Tree (BET, Figure 4) which is 
| available for download at http://www.deakin.edu.au/~ognjen/download/swansea_BET.jar (for 
| detailed user instructions, see suppl. inf.) . The program is written in Java (Oracle Corporation,
| Santa Clara, CA), a widespread programming language compatible with most operating systems.
\
\ BET allows researchers to produce and annotate a bespoke Event Tree for use in biotelemetry
I
| studies, and calculate probabilities automatically according to the method described above. For 
| ease of use, Event Trees can then be saved for later use or to be sent to other parties (files are ca. 
20kb). It is the aim of the authors to encourage researchers in this field to conduct Event Tree 
analysis in the interests of scientific robustness and animal welfare, and the authors would 
; advocate its use as best practice. Eventually, once a procedure for its use can be formalised by 
| the scientific community, the authors envisage that this method can be used by individuals and
j
| funding bodies, as part of the decision making process prior to undertaking these studies.
i,i
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Add Event
Edit Event
Undo Event
Low to Fairly Low
Analyze
Save
Very Low to LowLoad
Low to Fairly Low
Very Low to Very Low
Very Low to Low
Very Low to Low
Detac.
Cap.
Recov.
Attach.
Rec.
Condor BET
Figure 4; Screenshot of an Event Tree produced in BET. Each of the possible system outcomes is assigned a 
linguistic probability value for interpretation by the researchers.
CONCLUSION
We have recognised the need for some method by which risk assessment for the successful 
deployment of biotelemetry equipment on free living animals may be undertaken. By adapting a 
method which is already in use within industrial and engineering circles, it has been possible to 
develop a method by which undesirable deployment outcomes may be considered and avoided 
prior to undertaking biotelemetry equipment deployment. Moreover, we show how this method 
can be used to review the procedures of previous surveys in order to refine deployment 
procedures. Through the development of freeware software, BET, the authors hope to encourage
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the adoption of this procedure as best practice, in the interests of scientific robustness and animal 
welfare.
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ABSTRACT
Numerous methods are currently available to track animal movements. However, only 
one of these, dead-reckoning, has the capacity to provide continuous data for animal movements 
over fine scales. Dead-reckoning has been applied almost exclusively in the study of marine 
species, in part due to the difficulty of accurately measuring the speed of terrestrial species. In 
the present study we evaluate the use of accelerometers and a metric known as overall dynamic 
body acceleration (ODBA) as a proxy for the measurement of speed for use in dead-reckoning. 
Data were collated from previous studies, for 10 species locomoting on a treadmill and their 
ODBA measured by an attached data logger. All species except one showed a highly significant 
linear relationship between speed and ODBA; however, there was appreciable inter- and intra­
specific variance in this relationship. ODBA was then used to estimate speed in a simple trial run 
of a dead-reckoning track. Estimating distance travelled using speed derived from prior 
calibration for ODBA resulted in appreciable errors. We describe a method by which these errors 
can be minimised, by periodic ground-truthing (e.g., by GPS or VHF telemetry) of the dead- 
reckoned track and adjusting the relationship between speed and ODBA until actual known 
positions and dead-reckoned positions accord.
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INTRODUCTION
The ability to determine animal movements and record behaviour is critical for proper 
understanding of how free-living animals interact with their environment (Holyoak et al., 2008). 
This explains why animal tracking has been a key area of interest for vertebrate biologists for 
decades (e.g. Hooker et al., 2007). Indeed, studies of animals’ space use over time have helped 
elucidate many fundamental issues in animal biology such as migration patterns (e.g.
Bentivegna, 2002; Johnson et al., 1997), habitat preferences (e.g. Hindell et al., 2002) and the 
laws governing animal movements (e.g. Sims et al., 2008).
The use of animal-bome devices has been hugely helpful in dealing with these issues and 
different methods of animal tracking have been developed over the last 50 years using a 
biotelemetric approach (see Cooke et al., 2004, for review). Their utility depends principally on 
their temporal and spatial accuracy, as well as their capacity to function in the particular 
environment in question (Wilson et al., 2002). For example, there are particular challenges for 
those species living in conditions which limit direct observation and/or cover large distances 
(e.g. Block et al., 2001; Davis et al., 1996). Very high frequency (VHF) telemetry cannot be used 
in marine habitats unless the animal is at the surface (Wilson et al., 2007) and traditionally 
requires fieldworkers to be close enough to triangulate animal position (Cagnacci et al., 2010). 
Technologies such as satellite telemetry and geolocation allow animals to be tracked over large 
temporal and spatial scales but are limited in their recording frequency (typically < 1 fix per 
hour) and positional accuracy (0.5-200 km) (Hays et al., 2001; Phillips et al., 2004). GPS 
technology has proven particularly powerful, providing high spatial resolution (to within 6.7 m) 
of animal position (e.g. Hulbert and French, 2001). However, this technique may be 
compromised in environments where radio-transmission is attenuated, such as in thick vegetation 
(e.g. Maitland et al., 2002; Paul and David, 2003), or rendered useless when under salt water 
(e.g. Bridger and Booth, 2003; Garshelis and Siniff, 1983). Other problems with GPS include 
high current drain, which limits the length of deployments (e.g. Steiner et al., 2000), reduces the 
rate at which fixes can be made or prevents deployment on smaller species (Bridger and Booth, 
2003; Guillemette et al., 2002; Reynolds and Riley, 2002).
Dead-reckoning is currently a little-used method for determining animal tracks but is 
purported to provide fine-scale movement (Bramanti et al., 1988; Wilson and Wilson, 1988; 
Wilson et al., 1991) irrespective of the vagaries of the environment because the system does not
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use any signal transmission. Instead, data on speed, heading (direction) and change in the vertical 
axis (depth/height) are recorded in a data logger fixed to the animal to eventually allow 
calculation of the route via vectors (Wilson, 2002). Dead-reckoning systems thus allow animal 
routes to be traced in three spatial dimensions, something that is particularly pertinent for aquatic 
animals (Wilson, 2002). While early animal-attached dead-reckoning systems were crude 
(Bramanti et al., 1988; Ioale et al., 1994; Wilson and Wilson, 1988; Wilson et al., 1991), 
developments in solid state technology now allow heading to be resolved to within 1 ° and to be 
recorded multiple times per second (Wilson et al., 2008). Although dead-reckoning can produce 
a number of errors in determining absolute position (e.g. Shiomi et al., 2008; Wilson et al.,
2007), it has the potential to resolve relative animal movement so finely that even behaviour can 
be inferred by looking at tracks (e.g. Wilson et al., 2007). Indeed, one of the main strengths of 
dead-reckoning is that animal position is recorded continuously, irrespective of signal 
transmission conditions, so that it could prove an effective alternative to transmission telemetry 
(Wilson and Wilson, 1988). To date, however, this technique has been used almost exclusively 
on marine animals, perhaps because transmission telemetry is so problematic at sea (Dewar et 
al., 1999; Fedak et al., 2002). For use on land, dead-reckoning would seem problematic because 
of the difficulties in determining speed (cf. Shepard et al., 2009).
Two approaches might help solve the speed issue. One involves determination of stride 
frequency via an accelerometer (Kato et al., 2006) and relies on a strong correlation between 
stride frequency and stride length to enable derivation of speed (Delciellos and Vieira, 2007). 
Although theoretically viable, this approach would require detailed species-specific calibration. 
Another option is to use a metric derived from tri-axial acceleration called overall dynamic body 
acceleration (ODBA) (Wilson et al., (2006). ODBA is the sum of the dynamic acceleration 
components of all three spatial dimensional axes from a device attached close to the centre of 
gravity of an animal. ODBA provides an integrated measure of the animal’s dynamic 
acceleration, reflecting its movement in the three dimensions.
Wilson et al. (2006) proposed that animals should tend to exhibit higher levels of 
dynamic acceleration with increasing levels of activity and, accordingly, studies have shown a 
strong correlation between ODBA and energy expenditure for a range of species including 
mammals (e.g. Halsey et al., 2008; Halsey et al., 2009b), birds (Halsey et al., 2009a; Wilson et 
al., 2006), fish (Gleiss et al., 2009) and amphibians (Halsey and White, 2010) and reptiles
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(Halsey et al., 201 la). Since almost all these studies have influenced energy expenditure of the 
study animals through pedestrian locomotion on a treadmill at varying speeds (e.g. Halsey et al., 
2009b), the implication is that ODBA correlates with speed. Indeed, two studies explicitly report 
this (Halsey et al., 2008; Wilson et al., 2008). If this is generally the case, ODBA could be used 
as a convenient proxy for speed in terrestrial dead-reckoning systems by simply ensuring that the 
animal-attached dead-reckoner records tri-axial acceleration at appropriate sampling rates.
The present study seeks to evaluate ODBA as a proxy of speed for application in dead- 
reckoning animal movement. In order to test explicitly the relationship between speed and 
ODBA, a range of terrestrial species including humans (Homo sapiens) were studied so that both 
inter- and intra-specific variation could be examined. In addition, we undertook a simple field 
test to illustrate the general value of determining speed via ODBA for dead-reckoning the 
movements of terrestrial animals.
MATERIALS AND METHODS 
Speed to OBDA calibrations
Data were collated from three previous studies (Table 1). Detailed accounts of the 
protocols used for the various species at the Buenos Aires Zoo, and the cormorants and humans 
at the University of Birmingham are given in Halsey et al. (2009b), Wilson et al. (2006) and 
Halsey et al. (2008), respectively.
Determination of the relationship between speed and ODBA was undertaken by placing 
accelerometer-equipped animals on a treadmill and recording while they undertook pedestrian 
locomotion at randomly presented speeds interspersed with rest periods. All of these species, 
routinely or entirely, employ terrestrial locomotion. Eight species were studied at the Buenos 
Aires zoo, moving at speeds between 0 and 0.7 m/s, while the cormorants and man were 
examined at the University of Birmingham for speeds up to 0.53 m/s and 4.4 m/s, respectively. 
The accelerometers deployed were tri-axial, measuring surge, heave and sway in orthogonal axes 
(see Wilson et al., 2008 for details) and recorded with 22-bit resolution onto a 128 Mb flash 
random access memory, at sampling frequencies ranging from 6 to 32 Hz (Table 1). Device size 
was 65 mm x 36 mm x 22 mm and units were attached variously, according to species 
morphology. For mammals, the tags were attached using Silastic collars (Thomson Bros. Ltd.
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Newcastle upon Tyne, UK), except in the case of human trials, where the device was worn on a 
belt around the waist. For birds, tesa tape (tesa SE, Hamburg, Germany) was used to affix the 
device to feathers on the upper back following the procedure described by Wilson et al. (1997). 
Care was taken to ensure that attachment was conducted so that the sensor axis aligned with the 
animal reference frame. For all deployments, the mass of the device did not exceed 3% of animal 
body mass (c.f. Hawkins, 2004).
Species N Data collection location
Greylag goose ( A n s e r  a n s e r )
D om estic goose ( A n s e r  c y g n o i d e s )
Larger hairy armadillo ( C h a e t o p h r a c t u s  
v i / l o s u s )
M agellanic penguin (S p h e n ic u s  m a g e l l a n i c u s ) 
Rockhopper penguin ( E u d y p t e s  c h r y s o c o m e ) 
H og-nosed skunk ( C o n e p a tu s  c h i n g a ) 
M uscovy duck ( C a i r i n a  m o s c h a t a )
Swamp beaver ( M y o c a s t o r  c o y p u s )
Great cormorant (P h a l a c r o c o r a x  c a r b o )  
Human ( H o m o  s a p i e n s )
~\
V - Buenos Aires Zoo 
(H alsey et al., 2009)
J
U niversity o f  Birmingham  
(W ilson et al., 2006; Halsey et al., 
2008)
Table 1; Species, sample sizes (N) and sources of the data included in this study.
Analysis
Instantaneous ODBA values were calculated from the raw tri-axial accelerometer signals 
according to Wilson et al. (2006), using a running mean over 2 s to derive the static portion of 
the signal (Shepard et al., 2008). This static component was subtracted from the total 
acceleration in order to obtain the dynamic component. The absolute dynamic components for all 
three axes were then summed to obtain instantaneous ODBA. Once instantaneous ODBA had 
been calculated, mean ODBA over a period of 1 s was calculated from the acceleration signals at 
the various speeds to produce a value for ODBA at each known speed.
The speed-ODBA relationship was compared across species and, in the case of humans 
and cormorants (N > 4), within species, using general linear models (GLM). The first GLM 
investigated at the species level: speed ~ ODBA + species + individual + ODBA x species, with 
species included as a random factor and ODBA as a covariate. The second GLM investigated at
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the individual level: speed ~ ODBA + individual + ODBA x individual, with individual included 
as a random factor and ODBA as a covariate.
Test of the effects of derived speed on dead-reckoned tracks
A single person ran around a precise rectangular level track (28.8 m x 63.0 m), following 
measured lines (+ 1 cm) painted on a grassy surface. In order to maintain consistency with 
previous calibrations, acceleration was measured using a waist-mounted tri-axial accelerometer 
recording at 6 Hz, which was calibrated for g. Prior to running the rectangular track, a calibration 
was obtained for ODBA at varying speeds by conducting a treadmill trial similar to that of 
Halsey et al. (2008). This calibration for speed against ODBA, obtained from a single human at 
Swansea University, was used to derive the calibration-derived speed (see below) for the dead- 
reckoning trial. The subject was made to run at 17 different speeds, ranging from 0.26 to 3.35 
m/sec. However, during these trials at Swansea University, the speeds (up to 3.35 m/s) were 
maintained for 30 s rather than 120 s, because this provided sufficient data to obtain an accurate 
average ODBA value.
The comer points of the rectangular track were treated as if they were four precise GPS 
waypoints in the dead-reckoned track of the participant. In order to isolate the effect of errors in 
estimating speed using ODBA, potential errors in the compass (cf. Wilson et al., 2007) were 
eliminated in the procedure by taking the heading during the locomotion around each leg of the 
track (straights between the track comers) to be exactly North, East, South or West. The runner 
attempted to maintain a constant speed during each leg of the track, whilst every leg of the track 
was ran at a different speed. Speeds around the comers of the track varied slightly to the average 
speed of each leg, as an inevitable result of the difficulty of changing direction sharply. The 
mean speed of the runner between waypoints was determined by taking the time (to the nearest 
0.1 s) to travel between the waypoints using a stopwatch.
Treatment of the acceleration data involved deriving ODBA for the period of recorded 
data corresponding to the test run. Dead-reckoned tracks consisted of simple vectorial 
calculations involving heading (0, 90, 180 or 270°, corresponding to North, East, South and 
West, respectively) and speed, which was multiplied by time to give the distance travelled.
Three estimates were used for the speed of the runner:
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(i) the mean speed for each leg derived by using the time between waypoints taken with the 
stopwatch and dividing by the appropriate distance. This was taken as the standard 
‘reference’ speed and is hereafter referred to as the ‘real mean speed’;
(ii) the instantaneous speed derived from using the linear relationship between speed and ODBA 
obtained from the treadmill calibration, applied to the values for ODBA recorded by the 
accelerometer whilst running around the track, hereafter referred to as the ‘calibration- 
derived speed’;
(iii) the fully corrected speed where the slope component of the regression for speed and ODBA 
was changed iteratively until the end position of each leg as estimated by dead-reckoning 
accorded with the actual known position, hereafter referred to as the ‘fully corrected speed’. 
Each of these estimates for speed can be multiplied with the elapsed time to derive the
estimated distance travelled. Given that the distances between all of the waypoints (comers of 
the rectangular track) are known, we are able to measure how each of the methods for estimating 
speed performs by seeing how the distances calculated from each one of them accord with the 
known distances between the waypoints. The iterative process to correct the estimated speed 
simply involves altering the slope component for the speed vs. ODBA regression obtained during 
the calibration. This was done according to the concurrence of estimated and known waypoints: 
where the calculated waypoint was farther than the real waypoint, the gradient of the slope was 
reduced by some nominal amount. When it was less far, the gradient was increased. The distance 
travelled using the modified regression was then recalculated and the comparison between 
calculated and known waypoints repeated. This process was reiterated until the estimated 
distance travelled accorded with that of the actual known distance between waypoints. This 
corrected regression for speed and ODBA was then applied to the acceleration data for 
movement between other waypoints, or corrected further, as needed.
RESULTS AND DISCUSSION
Relationship between speed and ODBA
All of the species trialled at Buenos Aires Zoo, except the hog-nosed skunk, showed a 
statistically significant positive linear relationship between speed and ODBA (Figure 1).
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Figure 1; Linear regressions for ODBA against speed for the 8 species trialled at Buenos Aires Zoo during 
treadmill exercise.
N F P r2 Regression equation
Armadillo 4 38.17 0.03 0.95
0.79427 x ODBA + -  
0.0943
Rockhopper
penguin 4 256.02 <0.01 0.99
0.6846 x ODBA + -  
0.06738
Megallanic penguin 
1 5 971.85 <0.001 0.99 0.64298 x ODBA + -0.03817
Megallanic penguin 
2 5 23.40 0.02 0.89 0.74991 x ODBA +-0.03893
Muscovy duck 1 5 199.05 <0.001 0.99 0.89011 x ODBA +-0.01311
Muscovy duck 2 6 132.82 <0.001 0.97 1.03044 x ODBA + -0.08221
Swamp beaver 1 6 716.85 <0.001 0.99 1.57318 x ODBA +-0.06212
Swamp beaver 2 4 5.95 0.13 0.75 0.55974 x ODBA + -0.03871
Swamp beaver 3 7 52.09 <0.001 0.91 1.10647 x ODBA +-0.03844
Domestic goose 6 107.44 <0.001 0.96 1.15371 x ODBA + 0.00449
Greylag goose 5 4410.73 <0.001 0.99 0.91671 x ODBA +-0.01252
Hog-nosed skunk 5 8.46 0.06 0.74 0.81026 x ODBA +-0.11096
Table 2; Regression statistics for the Buenos Aires Zoo treadmill trials where y = speed (m/sec) and x = 
ODBA (G). N denotes the number of speeds used during the trial to obtain the regression.
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Indeed, ODBA appears to be a good proxy for speed in the remaining species (r2 values for all 
species are 0.74-0.99; Table 2). Such a relationship was also present in cormorants (r2 = 0.98- 
0.99; Figure 2 and Table 3) and humans (r2 = 0.77-0.99; Figure 3 and Table 4). Thus, broadly, 
ODBA seems to be a reasonable proxy for speed and therefore appears useful for dead- 
reckoning.
 Cormorant 1
  Cormorant 2
Cormorant 3
 Cormorant 4
 Cormorant 50 .5 -
0 .4 -
c
E
E,
TJO)
0)Q.
<0
0 .3 -
0 .2 -
0 .0 -
- 0.1
1.0 1.20.0 0.2 0.4 0.6 0.8
ODBA (g)
Figure 2; Linear regressions for speed against ODBA for the cormorants at Birmingham University where y 
= speed (m/sec) and x = ODBA (g.).
N F P r2 Regression equation
Cormorant 1 10 1283.89 <0.001 0.99 0.68728 x ODBA +-0.02983
Cormorant 2 7 650.79 <0.001 0.99 0.57766 x ODBA +-0.03718
Cormorant 3 7 212.93 <0.001 0.98 0.53635 x ODBA +-0.04435
Cormorant 4 6 135.28 <0.001 0.97 0.58341 x ODBA +-0.02929
Cormorant 5 5 168.32 <0.001 0.98 0.6868 x ODBA + -0.04721
Table 3; Regression statistics for the cormorant treadmill trials at Birmingham University where y = speed 
(m/sec) and x = ODBA (G). N denotes the number of speeds used during the trial to obtain the regression.
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Figure 3; Linear regressions for speed against ODBA for the human trials at Birmingham University where y 
= speed (im/sec) and x = ODBA (.g).
N F P r2 Regression equation
Human 1 11 145.14 <0.001 0.94 0.64779 x ODBA + -0.35365
Human 2 9 106.90 <0.001 0.94 0.54105 x ODBA +-0.36074
Human 3 6 13.04 0.02254 0.77 0.63366 x ODBA + -0.32144
Human 4 8 93.81 <0.001 0.94 0.55429 x ODBA + -0.30621
Human 5 10 3894.38 <0.001 0.998 0.3564 x ODBA + -0.05953
Human 6 14 145.08 <0.001 0.92 0.44327 x ODBA + 0.01749
Human 7 12 433.36 <0.001 0.98 0.31489 x ODBA +-0.04178
Human 8 13 203.52 <0.001 0.95 0.3967 x ODBA +-0.11123
Human 9 5 254.98 <0.001 0.99 0.5431 x ODBA +-0.06351
Table 4; Regression statistics for the human treadmill trials at Birmingham University where y = speed 
(m/sec) anid x = ODBA (G.). N denotes the number of speeds used during the trial to obtain the regression.
Halsey ett al. (2008) found the relationship between speed and ODBA to be nonlinear for 
humans. This was attributed to the fact that humans undertook a change in gait (from walking to 
running) in order to attain higher speeds.
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The zoo animals and cormorants did not exhibit gait changes and the relationships 
derived for them were approximately linear. In humans we assumed a linear relationship for the 
purposes of this study, because whilst nonlinear regressions may produce an improved fit, this 
benefit does not necessarily justify the increased complexity of the fit (Halsey et al., 2008). 
However, the relationship between speed and ODBA is subject to both inter- and intra-specific
| variation. There was a significant interaction between species and ODBA (Fi2 = 57.409, P <
! 0.001; Figure 1), and between individual cormorants and ODBA (F5 = 379.636, P < 0.001;
| Figure 2) and individual humans and ODBA (F9 = 142.222, P < 0.001; Figure 3). Such variation
i
I can be explained by differences in locomotion mechanisms between species, and by differences
\ in morphology between species and individuals (Alexander, 2003), that result in variable patterns
1
: of dynamic acceleration (Shepard et al., 2008). Thus, there is not a single speed-ODBA 
relationship that would be valid between species, or even within species. Therefore at present, 
calibrations are required at the individual level when used for dead-reckoning applications. This 
calibration can, however, be done ad hoc using a secondary means of ground-truthing, e.g. via 
GPS (see below).
The derivation of ODBA involves summation of the dynamic components of the animal’s 
tri-axial acceleration (Wilson et al., 2006), and this may lead to overestimation of proper
1 acceleration. The correct vectorial solution, vectorial dynamic body acceleration (VeDBA), may
i
i  also be used, particularly when non-alignment of reference frames is a concern or animal 
movement varies across varying planes (Gleiss et al., 2011). However, ODBA and VeDBA are 
actually very tightly correlated (R2= ca. 0.99, Qasem et al., 2012) so whether ODBA or VeDBA 
is used is essentially academic. In favour of ODBA, however, we note that it is becoming a 
standard metric as a proxy for metabolic rate (e.g. Gleiss et al., 2009; Gleiss et al., 2011; Halsey 
et al., 2009a; Halsey et al., 2008; Halsey et al., 2009b; Halsey and White, 2010; Halsey et al.,
201 lb; Shepard et al., 2009; Wilson et al., 2006) and, as such, is a parameter already in extensive 
use.
ODBA in dead-reckoning
The different methods of estimating speed have a profound effect on the concurrence 
between the dead-reckoned track and the actual track. The dead-reckoned track calculated using
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the calibration-derived speed showed poor adherence to the true path (Figure 4), underestimating 
the distance travelled on all four legs by a mean distance of 14.47 m (SE = ± 2.85 m).
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Figure 4; Comparison of dead-reckoned tracks derived from the real position and the calibration-derived 
speed. The track begins at the point marked by the arrow moving anti-clockwise.
Differences in substrate and incline could account for the disparity between the speed-ODBA 
relationship on the treadmill and in the field, given that the latter was conducted on soft grass. 
This is a potential source of error when dead-reckoning free-living animals, as they are likely to 
encounter various substrates within their environment. Concurrence between the dead-reckoned 
track and the true track (using the real mean speed) was best met using the fully corrected speed 
(FCS). However, during correction it became apparent that the relationship between speed and 
ODBA varied during the trial (Figure 5).
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Figure 5; Comparison of dead-reckoned tracks derived from the Real Position and the fully corrected speed. 
The track begins at the point marked by the arrow moving anti-clockwise. Initially, the gradient for the 
regression of speed against ODBA from the treadmill calibration had been 2.3796. After the correction it was 
; set at 3.928 for legs 1 and 2,3.990 for leg 3, and 3.521 for leg 4.
| The slope component of the relationship was set at 3.928 for legs 1 and 2, but at 3.99 and
[
I 3.521 for legs 3 and 4, respectively. Initially, it was thought that this requirement for a change in 
slope after leg 2 was due to a change in speed. However, speed did not differ much between legsf
 ^(mean speed was 1.646 ms-1, SE = ± 0.019 ms-1). As substrate was homogeneous around the 
I track (soft grass), it is possible that another factor, such as incline, is responsible for this 
| variation in the speed-ODBA relationship. A study by Herren et al. (1999) suggested that 
I vertical acceleration increases as humans walk up gradients, and Halsey et al. (2008) found that 
the predictive power of ODBA for V O 2 (ml min'1) diminished slightly on an incline. Certainly, 
the effects of both substrate and incline on our ability to accurately estimate speed for dead- 
reckoning merit further investigation.
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The results of the dead-reckoning exercise indicate that using prior calibrations of speed 
vs. ODBA may not prove particularly helpful, or even necessary, for producing accurate speed 
estimates with which to dead-reckon. The advantage of the FCS approach is that it requires no 
I calibration for ODBA to speed prior to deployment as the relationship between ODBA and speed 
is solved by iteration. This avoids the often substantial logistical difficulties involved with
I
obtaining such calibrations for non-human species. Our work has indicated that a linear 
relationship between speed and ODBA can generally be assumed so that, using the iterative
I
process, no prior knowledge about the gradient between speed and ODBA is required. Thef[
procedure would begin with any nominal value which can be altered to accord with the true 
value once the iteration procedure is undertaken. We note, too, that with appropriate temporal
i
resolution in accelerometry sampling (e.g. Yoda et al., 1999), environmental factors such as 
incline can be detected (Herren et al., 1999; Shepard et al., 2008) and animal behaviours can be 
identified (e.g. Sato et al., 2009; Shepard et al., 2008) so that periods of rest can be isolated to 
determine the intercept in the speed-ODBA relationship. This means that little, if any, prior 
calibration is required, as all components of the relationship between speed and ODBA (slope 
and intercept) can be calculated ad hoc.
i
Clearly the trade-off in employing the FCS method to estimate speed is that it requires 
ground-truthing (i.e. verification of position by a secondary means). In its crudest sense, this 
could be two points, the first where the animal was released with the tag, and the second where
I
 ^the tag was recovered. Periodic ground-truthing would, of course, reduce errors and could be 
\ undertaken by GPS fixes, VHF telemetry or even via sightings of the animal. Further research
, will have to determine the appropriate frequency of such ground-truth fixes while consideration
!
( of the manner in which the speed-ODBA relationship changes between ground-truth fixes will
I
allow researchers to examine variance in this and thus calculate the potential error in dead- 
reckoned tracks due to speed inaccuracies as a function of time since the last fix.
t
| Despite the reliance of independent fixes of animal position, this approach to dead-
 ^reckoning should allow calculation of very fine-scale movement data, which may serve to 
' complement less finely resolved GPS data (c.f. Cooke et al., 2004; Wilson et al., 2007).
, Comparison of dead-reckoned data with estimates of animal positions between temporally 
j  spaced data points using, for example, Bayesian estimation (Sumner et al., 2009) will prove an 
interesting field for informing both approaches.
65
The need fo r speed
Future work with GPS-enhanced dead-reckoning
Our highly controlled trial had the test participants continuously travelling (albeit at 
1 different speeds per leg) so that all ODBA values corresponded to animal movement. 
Deployments in the wild will have to ensure that the accelerometry signal equally corresponds to[
movement and not, for example, to scratching or rolling although with appropriate sampling 
rates this should not generally be problematic (c.f. Shepard et al., 2008).
! Importantly, our experimental protocol to create and derive the dead-reckoned track
considers no error in heading. The apparent success of ODBA as a proxy for speed, and 
particularly the method by which the speed can be derived using iteration, does not take into 
account any heading errors (see Wilson et al., 2007), which must be considered as a separate, and 
t important, issue.
CONCLUSION
ODBA appears to be a powerful predictor of speed in terrestrial animals, with most tested 
relationships being linear. However, inter- and intra-specific variance, and the influence of 
factors such as substrate and incline, are such that direct incorporation of prior calibrations for 
ODBA as a measure for speed in dead-reckoning systems is likely to cause appreciable errors in
I
 ^track determination. However, periodic true fixes (e.g. from GPS) can be used to compare true to 
| dead-reckoned tracks and, via iteration, refine the putative relationship between ODBA and 
j  speed. When this is done, true tracks and dead-reckoned tracks show excellent concurrence in 
time and space. Further work is needed to examine specifically how terrain (e.g. substrate,
, incline etc.) impacts the derivation of speed for dead-reckoning, how to identify movement 
rigorously, and the specifics of how GPS and dead-reckoning may be used in synchrony in order
!
to produce the most accurate fine-scale animal movement data.
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ABSTRACT
Animal travel speed is an ecologically significant parameter, with implications for the study 
of energetics and animal behaviour. It is also necessary for the calculation of animal paths by 
dead-reckoning. Dead-reckoning uses heading and speed to calculate an animal’s path 
through its environment on a fine scale. It is often used in aquatic environments, where 
transmission telemetry is difficult. However, its adoption for tracking terrestrial animals is 
limited by our ability to measure speed accurately on a fine scale. Recently, tri-axial 
accelerometers have shown promise for estimating speed, but their accuracy appears affected 
by changes in substrate and surface gradients. The purpose of the present study was to 
evaluate four metrics of acceleration; overall dynamic body acceleration (ODBA), vectorial 
dynamic body acceleration (VDBA), acceleration peak frequency and acceleration peak 
amplitude, as proxies for speed over hard, soft and inclined surfaces, using humans as a 
model species. A general linear model (GLM) showed a significant difference in the 
relationships between the metrics and speed depending on substrate or surface gradient. 
When the data from all surface types were considered together, VeDBA had the highest 
coefficient of determination. All of the metrics showed some variation in their relationship 
with speed according to the surface type. This indicates that changes in the substrate or 
surface gradient during locomotion by animals would produce errors in speed estimates, and 
also in dead-reckoned tracks if they were calculated from speeds based entirely on a priori 
calibrations. However, we describe a method by which the relationship between acceleration 
metrics and speed can be corrected ad hoc, until tracks accord with periodic ground truthed 
positions, obtained via a secondary means (e.g. VHF or GPS telemetry). In this way, dead- 
reckoning provides a means to obtain fine scale movement data for terrestrial animals, 
without the need for additional data on substrate or gradient.
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INTRODUCTION
Quantification of fine-scale animal movement is critical for understanding animal ecology 
because movement determines access to resources and helps avoid predation, which, 
ultimately, determines the success of individuals and modulates populations (see (Nathan et 
al., 2008)). Attempts to monitor animal movements, however, (e.g. Brill et al., 1999; Brody 
and Pelton, 1989; Brown and Parker, 1976; Hestbeck et al., 1991; Pope et al., 2001) are 
complicated when species are cryptic (Linnell et al., 2007), secretive (Bandeira de Melo et 
al., 2007), move large distances (Block et al., 2001), or simply operate in areas or at times 
where direct observations cannot be made (Davis et al., 1996; Roper et al., 2001). Specialist 
i  equipment such as night-vision systems, infra-red imagery and chemo luminescent tags have
J  helped study nocturnal species (e.g. Batchelor and McMillan, 1980; Buchler, 1976; Gamer et 
[ al., 1995; Havens and Sharp, 1998; Wolcott, 1977) and ‘spool and thread’ methods have been 
I used to study the movements of small mammals (Boonstra and Craine, 1986; Shanahan et al.,
; 2007; Steinwald et al., 2006). All such methods require significant field effort to implement.
| Biotelemetric methods (see Cooke et al., 2004 for review) obviate the need for visual contact
I between researcher and study animal and have helped the study of movement ecology
I significantly, although most lack the spatial and temporal resolution to track fine scale
animal movements which can be pivotal in understanding animal route choices.
! To our knowledge, the only biotelemetric method that provides continuous, fine temporal
| scale positional data irrespective of radio- or acoustic links is dead-reckoning (Wilson et al.,
2002). Dead-reckoning derives animal movement by reconstructing an animal’s travel path, 
using information on speed, heading and change in the vertical axis e.g. altitude for 
terrestrial/volant species, and depth for aquatic species, (Bramanti et al., 1988; Johnson and 
Tyack, 2003; Wilson and Wilson, 1988) both of which can be recorded using data loggers 
attached to animals (Wilson et al., 2008). Changes in either altitude or depth can be 
determined with high resolution using pressure sensors (Naito et al., 1990; Shepard et al.,
2011), and heading can now be measured to within 1° (Mitani et al., 2003; Wilson et al.,
2008). Dead reckoning is undertaken using data-loggers, so devices require recovery in order 
to access data, although this also means that the efficacy of dead reckoning is not dependent 
on transmission or reception of data. The strength of dead reckoning is that it produces 
regular, sequential positional data, in fine resolution without any gaps (Wilson et al., 2002). 
Analysis of home range and foraging behaviour of terrestrial animals using GPS telemetry is 
likely to be biased when habitat types differ in their degree of facilitation of GPS signals
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(Dassault et a l, 1999). In contrast, the efficacy of dead reckoning is uniform throughout the 
environment. Ultimately, our ability to describe the adaptive significance of animal 
movement (e.g. Bradshaw et al., 2004; Sims et al., 2005) is reliant on obtaining unbiased, 
accurate data. This makes the development of terrestrial dead reckoning relevant and 
significant.
Animal travel speed is an ecologically significant parameter in its own right (Sims et al.,
2005), and has implications for e.g. optimal foraging, food detection and predation risk 
(Bradshaw et al., 2004; Janson and Di Bitetti, 1997; Vasquez et al., 2002). Yet speed can be 
problematic to measure directly. Previously, the speed of terrestrial animals has been
;
measured by manual pursuit of study animals (Dussault et al., 1999) or by estimation from 
VHF, GPS and satellite telemetry (Hays et al., 2001; Laundre et al., 1987; Morales et al., 
2004). In fact, GPS telemetry has shown some promise for measuring speed, provided a
I
sufficient sample rate is used (Witte and Wilson, 2004). Nevertheless, GPS telemetry 
becomes less reliable or unworkable in dense vegetation (e.g. forests) or in marine 
environments. In addition, increasing time between fixes can incur considerable error in 
speed estimation where constant, straight-line travel between recorded positions is not 
| adhered to. As animals are known to travel tortuous, intermittent paths (Kramer and
■ McLaughlin, 2001), a more accurate method for measuring speed is required.
; The need for an accurate method of estimating speed is pertinent for dead reckoning studies.
| In this context speed is necessary for estimating the distance travelled in any given direction.
Previously this has been done by assuming a constant speed, derived from prior study (Ware 
et al., 2011). This method is likely to incur cumulative errors however, as deviations from 
this default speed by the animal will displace the estimated position from the actual one 
(Wilson et al, 2007).
A number of elegant mechanical methods of measuring speed have been proposed for aquatic 
species, such as propellers (Ropert-Coudert et a l, 2006; Sato et a l, 2003; Yoda et a l, 2001; 
Yoda et al, 1999); turbines (Eckert, 2002; Hassrick et a l, 2007); paddle wheels (Ponganis et 
a l, 1990; Wilson et a l, 1993); and paddles (Shepard et a l, 2008b) (although current flow can 
complicate calculations of speed in these environments (Wilson et a l, 2007)). In studies of 
species that undertake terrestrial locomotion, estimating speed is problematic due to the 
highly variable nature of the environment (e.g. wind speed) which rules out the use of 
mechanical sensors. Suggested options have all been derived from accelerometers (e.g. 
Chapter 3). Accelerometers are sensors that can be used in animal-attached loggers to 
measure an animal’s movement and orientation (Yoda et a l, 1999) and can even be used to
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elucidate a wide range of behaviours in free living animals (Shepard et al., 2008c; Tsuda et 
al., 2006; Watanabe et al., 2005). Stride frequency is readily apparent from acceleration data 
(Kato et al., 2006) and generally correlates with stride length, allowing speed to be derived 
(cf. Dellcielos and Vieira, 2007). This is, however, likely to be subject to substantial variation 
across body size and species (e.g. Grieve and Gear, 1966; Heglund et al., 1974). Another 
option is assessment of the mean amplitude of acceleration peaks recorded during movement, 
which has previously been used to estimate energy expenditure in free-swimming sharks 
(Gleiss et al., 2009) although, to our knowledge, this has not been used as a proxy for speed 
in terrestrial animals. A correlation between speed and amplitude is expected however, as
| increased stride lengths are expected at higher speeds (Farley et al., 1993) so further
!
evaluation of this proxy is warranted.
An alternative surrogate measure for speed is Overall Dynamic Body Acceleration (ODBA),
! which is the sum of the absolute acceleration from all three orthogonal axes (surge, heave,
sway) after the static portion of the acceleration signal has been removed (see Wilson et al., 
2006). Put simply, ODBA reflects a combination of acceleration peak frequency and 
I amplitude, and generally correlates well with speed (Halsey et al., 2008; Wilson et al., 2008).
I However in Chapter 3, it was found that the relationship between speed and ODBA was 
; subject to variation according to species and gait, much as is stride frequency. In addition, it
I was postulated other parameters such as substrate type and incline may further confound
|
| matters.
!
ODBA was originally proposed as a proxy for movement-related metabolic rate (Wilson et al.
2006) and there appear to be good reasons for using this summed quantity in this context 
(Qasem et al., 2012). However, acceleration is a vectorial quantity, and its summation for the 
three axes is likely to over-estimate the physical acceleration experienced by the data logger. 
Vectorial Dynamic Body Acceleration (VeDBA) uses Pythagoras theorem to calculate the 
vectorial acceleration, providing values closer to the true physical acceleration experienced. 
VeDBA also has the added advantage in being insensitive to device orientation, which is not 
the case with ODBA (Gleiss et al., 2009; Qasem et al., 2012).
This study aims to evaluate metrics derived from tri-axial accelerometers, specifically stride 
frequency, amplitude of acceleration peaks, ODBA and VeDBA as surrogate measures for 
speed, particularly examining how much incline and substrate affects them as proxies. Such 
work is important for producing accurate, fine scale measures of speed that can be used in 
environments which preclude the use of other methods e.g. GPS under dense canopy cover 
(Di Orio et al., 2003). The accuracy of surrogate measures for speed are also important in
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defining the accuracy of dead-reckoning for free-living terrestrial animals, which may move 
over very variable terrain. Variability in substrate is difficult to control in test animals, so as 
in Chapter 3 and as with Halsey et al. (Halsey et al., 2008), we limited the study to humans, 
allowing us to test predictions with an easily controlled species.
MATERIALS AND METHODS
Acceleration was recorded in three orthogonal axes corresponding to the heave, surge and 
sway axes of humans (e.g. (Qasem et al., 2012)) using tri-axial accelerometers (8 bit 
resolution, recording range -3 to 3 g; HOBO Pendant G Acceleration Data Logger, Onset 
Computer Corporation, 470 MacArthur Blvd., Bourne, MA 02532) at sampling rates of 20 
Hz (all axes). The devices were placed within a Silastic® (www.thomsonbros.co.uk) saddle 
to ensure that the logger was held firmly, and strapped in the centre of the back using a cross­
chest Silastic harness (see (Qasem et al., 2012) for details).
Experiments were conducted on eight healthy adults (mean age ± SD: 25.55 ± 2.74). The 
experimental protocol was approved by the ethics committee of Swansea University, and all 
participants were subject to written informed consent. Whilst equipped with accelerometers, 
they travelled a defined distance of 10 m, delineated by markers on the ground, at a range of 
speeds incorporating three different gaits employed by humans; walk, jog and run (Bouten et 
al., 1997; Bouten et al., 1994; Campbell et al., 2002). During each run, participants were 
instructed to travel at a constant speed, which necessitated starting the run before passing the 
first marker and only decelerating once they passed the second. These experiments were 
conducted on two substrate types; concrete and sand, and 3 incline types; 11° upwards, 11° 
downwards, and level. The speed of travel was derived via dividing the distance travelled by 
the time taken to cover the marked course (determined using a stopwatch accurate to 0.01 s). 
Data corresponding to each run were isolated from the superfluous data, and four metrics 
derived from the acceleration were calculated.
(1) For Overall Dynamic Body Acceleration, all raw acceleration values from each axis were 
smoothed using a running mean over 2 s (Shepard et al., 2008a). The dynamic acceleration in 
each of the three axes was calculated for each axis by subtracting the values obtained by the 
running mean (which constitute the static acceleration (Shepard et al., 2008a)) from the raw 
acceleration values. These dynamic portions of the signal were then converted into absolute 
positive units and the resultant values from all three channels then summated to give Overall 
Dynamic Body Acceleration (ODBA, see Wilson et al., 2006). Mathematically, this is;
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ODBA = \Ax\ + \Ay\ + \A,\
(2) The calculation for Vectorial Dynamic Body Acceleration (VeDBA, see Gleiss et al.,
2011) is similar to that of ODBA, however instead of summating the dynamic acceleration, 
the vectorial component is derived by;
VeDBA = J { A l + A l + A ] )
(3) Both Peak Frequency and (4) Amplitude of strides were calculated from the surge axis, as 
this where the majority of the horizontal acceleration experienced by the tag during 
locomotion was recorded (discemable from the oscillating wave form produced by the strides 
during locomotion). Peak Frequency was calculated simply by dividing the number of 
acceleration peaks during a run by the time taken for run completion. Amplitude was 
obtained by calculating a mean for the minimum and maximum values recorded during the 
run (the peaks and troughs of the wave form), and subtracting the minimum from the 
maximum (Gleiss et al., 2009).
The data were subjected to regression analysis to test for a relationship between the metrics 
and speed. However, since initial inspection of the data showed some bimodality for ODBA 
according to gait, the data were examined using simple linear regression (Halsey et al., 2008). 
The relationships between the metrics and speed were then compared between the 4 
substrate/incline conditions using a General Linear Model (GLM): speed ~ metric + substrate 
+ metric x substrate, using substrate as a fixed factor and the metric as a covariate.
RESULTS
For all conditions, there was an approximately linear relationship between the increasing 
speed and increasing VeDBA, ODBA, peak frequency, and amplitude of acceleration peaks 
(Figure 1).
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Figure 1; Linear regression between each metric and speed for each substrate/incline, (i) VeDBA, (ii) Amplitude, (iii) 
Peak Frequency and (iv) ODBA.
The relationship between the metrics and speed appeared to change according to different 
substrate/incline conditions (Figure 1) and indeed the GLM showed significant interaction 
between substrate/incline conditions in each of the metrics (Table 1). Thus, broadly speaking, 
the relationship between the metrics and speed was not consistent across the various 
substrates and incline conditions tested.
Metric N df F p-value
ODBA 960 4 433.733 <0.001
VeDBA 960 4 545.944 <0.001
Freq 960 4 233.06 <0.001
Amp 960 4 298.744 <0.001
Table 1; Summary of GLM statistics for each metric comparing the relationship with speed under each 
substrate/incline condition.
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When data for all 4 substrate/incline conditions were collated and the metrics regressed 
against speed (Table 2), VeDBA was the best predictor of speed (with the highest R2 value) 
with an R2 of 0.64, while R2 was 0.60, 0.60 and 0.51 for ODBA, stride frequency and 
amplitude, respectively.
Metric N p-value Adj. R2 Regression equation
VeDBA 240 <0.001 0.644 =VeDBA*2.964+0.279
ODBA 240 <0.001 0.599 O D B A * 1.907+0.48
Peak
Frequency 240 <0.001 0.598 =Freq* 1.239-0.826
Amplitude 240 <0.001 0.513 =Amp* 1.069+0.628
Table 2; Summary of the statistics for the regression between the metrics (VeDBA, ODBA, Peak Frequency and 
Amplitude) and speed, with data for all substrates/inclines collated.
Upon regression of the metrics against speed for each of the conditions individually (Table 
3), it appears that VeDBA provided the best fit for level concrete and downward slope (R - 
values of 0.77 & 0.58 respectively), ODBA provided the best fit for level sand (R2 of 0.74) 
and Peak Frequency the best fit for upward slope (R2 of 0.69).
Metric Substrate/Incline N Adj. R2 p-value Regression equation
Level Concrete 240 0.763 <0.001 =ODBA*2.14292 + 0.53462
Level Sand 240 0.737 <0.001 ODBA*1.79811 +0.24425
ODBA
Upward Slope 240 0.483 <0.001 O D B A * 1.50748 +0.85617
Downward Slope 240 0.427 <0.001 O D B A * 1.97915 +0.46534
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Level Concrete 
Level Sand
VeDBA
Upward Slope 
Downward Slope
Level Concrete 
Level Sand
Peak
Frequency
Upward Slope 
Downward Slope
Level Concrete 
Level Sand
Amplitude
Upward Slope
240 0.765 <0.001
240 0.684 <0.001
240 0.649 <0.001
240 0.577 <0.001
240 0.680 <0.001
240 0.727 <0.001
240 0.690 <0.001
240 0.570 <0.001
240 0.614 <0.001
240 0.634 <0.001
240 0.560 <0.001
=VeDBA*3.21416 +0.49782 
=VeDBA*2.62951 +0.22409 
=V eDB A *2.57257 +0.48899 
=VeDBA*3.44995 -0.1384 
=Freq* 1.59084-1.42901 
=Freq* 1.00487 -0.59452
=Freq* 1.13428 -0.60751 
=Freq* 1.40467-1.15683 
=Amp* 1.23064 +0.71234 
=Amp* 1.01498 +0.61474 
=Amp* 1.00469 +0.72677
Downward Slope 240 0.309 <0.001 =Amp*1.09011 +0.31177
Table 3; Summary of the statistics for the regression between the metrics (VeDBA, ODBA, peak frequency, and 
amplitude) and speed, with substrate and incline conditions (Level Concrete, Level Sand, Upward Slope and 
Downward Slope) considered separately.
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DISCUSSION
Effect of substrate on estimations of speed
Depending on speed, locomotion on a soft, yielding substrate such as sand requires between 
1.15-2.5 times more mechanical work than on harder substrates (Lejeune et al., 1998). This is 
partly due to the effect soft substrates have on running economy, either by increasing the 
muscle-tendon work that must be done (during walking), or by decreasing muscle-tendon 
efficiency (during running). Compliant surfaces such as concrete allow increased energy 
rebound during locomotion, and this energy return reduces the work required from the runner 
(Kerdok et al., 2002). On soft substrates this energy conservation is not achieved, so 
additional work is required, which is expected to be reflected in the dynamic acceleration 
signal (Gleiss et al., 2011). In light of this, it is little surprising that, at any given speed, 
values of VeDBA, ODBA and amplitude were all higher over the sand than for the hard 
substrate (Figure 1), something that can, ultimately, be related to the additional cost of 
transport over sand.
This additional cost of transport has consequences for estimates of speed. When deriving 
speed for an animal travelling over a substrate with a higher cost of transport, estimations 
based on dynamic acceleration will be higher than the true speed. With regard to dead 
reckoning, this error would increase the estimated distance travelled and displace calculated 
locations from the true animal locations accordingly.
The effect that the additional cost of transport on soft substrates has on step frequency would 
result in over-estimation of speed. This should produce similar path problems to those 
derived using dynamic acceleration (see above). This is because more steps are required on 
sand per unit distance than on hard substrates (a higher step frequency to reach the same 
speeds).. However, since, for step frequency, the slope component of the regression is most 
affected by the change in substrate (Figure 1), the error in a dead reckoned track on soft 
substrate would be reduced (or none) at lower speeds but exacerbated at higher speeds. This 
is attributable to the dampening capacities of sand, which absorbs some of the stride. Thus, 
during the stride work is done displacing sand, making take off velocities lower than those of 
firmer substrates, with the period and distance travelled during strides both being lower 
(Lejeune et al., 1998).
Although this study focuses only on one example of a soft substrate, sand, we expect a 
perturbation of the relationship between speed and the metrics on any substrate known to 
incur a different cost of transport or produce a reduction or facilitation in the speed of 
locomotion. Locomotion on other soft substrates, such as snow, is more energetically
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demanding than on firm substrates (Pandolf et al., 1976), as is locomotion over terrain that 
may include ‘superstates’ such as shallow water and dense jungle vegetation (Knapik et al., 
2004). Other experiments have manipulated the compliance of surfaces (see Mitani et al., 
2003) which result in lower speeds being obtained, so it is reasonable to suggest that surfaces 
with these properties will also perturb the relationship between dynamic acceleration and 
speed. Given that some species are particularly likely to encounter numerous substrate types 
as they move through their environment, workers need to understand the limitations of using
I
[ fixed, prior calibrations for any of the metrics tested for speed for use in dead-reckoning.
I Either information on the substrate distribution in the environment and their respectives
j  calibrations, or an alternative method for correcting dead-reckoned tracks ad hoc is required
| (see below).
[i[
i
! Effect of gradient on estimations of speed
t
j Much like substrate, locomotion over surfaces of different gradients incurs different costs of 
■ locomotion. Compared to locomotion on a flat surface, the metabolic cost of locomotion is 
| higher on positive gradients, and generally lower on negative ones (but greater on gradients >
* 6 degrees, see Johnson and Tyack, 2003). This is primarily due to the additional energy 
! needed to overcome gravity on upward gradients, and specifically the mechanical work 
| needed to gain gravitational potential energy. Conversely, on downward gradients, less 
| mechanical work is done as gravitational potential energy is reclaimed to provide propulsion, 
except on very steep gradients, where work must also be done to resist gravity via active 
braking (Watanabe et al., 2005). Unlike locomotion on different substrates, where dynamic 
acceleration, speed and metabolic rate are all correlated, downward grades cause the 
correlation between metabolic work and acceleration to break down because acceleration can 
be produced with less mechanical work done by the leg muscles (Di Orio et al., 2003).
The most significant effect of gradient on metrics of dynamic acceleration and speed was to 
increase the variance recorded, particularly for ODBA. VeDBA produced a far higher 
coefficient of determination than ODBA under the sloped conditions (both upward and 
downward slope, Table 2). Both metrics are measures of dynamic body acceleration, so this 
disparity in the coefficients of determination is surprising. Both are calculated from the same 
raw data output from the tri-axial accelerometer, and static and dynamic acceleration for the 
three axis are calculated with the same method. In fact, the only difference between the two 
metrics is the method by which the data for the three orthogonal axes are combined. Where 
VeDBA is calculated using the vectorial solution to produce the vectorial product of
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acceleration (Gleiss et al., 2011), ODBA is calculated via simple summation of the absolute 
dynamic acceleration on the three axes (Wilson et al., 2006). Whilst ODBA provides an easy 
to use and simple metric, the summation method will inevitably over estimate the proper 
acceleration. As such ODBA values will always be greater than the corresponding value for 
VeDBA (Qasem et al., 2012). However, given that ODBA and VeDBA are so closely 
correlated, at least during level travel (Qasem et al., 2012), the reason for this difference is 
not obvious. However, we can conclude that VeDBA would appear the more appropriate 
metric in environments that may contain frequent changes in surface gradients.
For amplitude the difference is most significant, with R2-values for the downward slope being 
almost half of those for the level concrete (0.31 and 0.61, respectively). Previous research has 
shown that humans reduce their step length (with which amplitude is associated) when 
travelling down slopes in order to reduce the friction demand at heel strike, reducing the
I
| likelihood of dangerous slips (Sun et al., 1996). However, during the present study,
f
\ participants were seen to adopt both short and long strides depending on the speed attempted.
| Our study protocol required participants to use a range of speeds, some of which may not
| have been otherwise attempted. In Sun et a l (1996), participants were observed walking at
| self-determined speeds, and so locomotion at higher speeds was not observed so this disparity
i  in stride length responses to the downward slope may have resulted in the particularly low
i 2
i R -values observed.
Accelerometry and its use as a proxy for speed in dead-reckoning 
In Chapter 3 it was suggested that as a terrestrial animal moves over various substrate and 
sloped conditions, the relationship between ODBA and speed would also change and the 
results from this study support this. This has practical implications for the production of dead 
reckoned tracks of animal movement because estimations of speed on substrates or gradients 
that differ from those of the original calibrations will incur error. The same is true for the 
other metrics tested (Table 3).
Pragmatically, VeDBA would seem the best metric to use overall because it was the strongest 
predictor of speed when the data from all substrates and gradients were considered together 
(Table 1). Recent work published by Qasem et al. (2012) on the merits of using VeDBA over 
ODBA as a proxy for energy expenditure concluded that there was little practical difference 
between the two. Indeed, ODBA has become a widely used metric in studies of animal 
energetics (Gleiss et al., 2009; Gleiss et al., 2011; Halsey et al., 2008; Halsey et al., 2009; 
Halsey and White, 2010; Shepard et al., 2009; Wilson et al., 2006). Clearly though, VeDBA
outperforms ODBA as a proxy for speed for species likely to traverse a range of substrates or 
gradients, except perhaps ’level sand’ conditions where ODBA had a greater coefficient of 
determination. It may thus be appropriate to use this metric on species that live in 
environments dominated by this substrate type.
Dead-reckoning over terrain of varying grades might benefit from being informed by GIS 
(Geographic Information Systems) in some way (e.g. Osborne et al., 2001), although GIS 
information is often limited in scale and may not have the necessary substrate data. It is also 
possible to derive gradient in quadrupeds from the static acceleration signal because these 
animals alter their body angle as they negotiate slopes (Herren et al., 1999; Shepard et al., 
2008c). Similarly, we would expect changes in the form of the acceleration signals for 
animals moving over different substrates which might usefully inform proxies for speed. 
Fortunately, the method of dead-reckoning with corrected speed values proposed in Chapter 3 
would seem robust enough to deal with any changes in the landscape that might affect the
i
I relationship between VeDBA and speed. By this method, estimates of speed are correctedi
: until the calculated tracks accord with ground-truthed positions, obtained via a secondary 
| means (see Chapter 3). In its crudest sense, this could be the known start and end positionsi
! {i.e. location of animal release and tag recovery). However, given that the results of the
|
; current study show that transitions in substrate and incline gradient are likely to have a 
significant effect on the dead-reckoned track, periodic ground-truthing would be preferable. 
This could be achieved simply via deployment of a GPS logger in tandem with the dead- 
reckoning device, or via VHF telemetry, RFID or animal sightings. In this sense, dead- 
reckoning could serve to fill the gaps between fixes of less frequent telemetry methods (c.f. 
Cooke et al., 2004; Wilson et al., 2007). Further work is required to determine exactly how 
frequently such ground-truthing should be undertaken, but the results of this study suggest 
that it should be more frequent in habitats which are known to contain many types of 
substrates or gradients. Other issues involved with dead-reckoning, such as heading errors, 
are yet to be addressed.
Method Limitations
j
The coefficient of determination (R ) for the regression of (human) speed against ODBA on 
level concrete is lower than that reported in Halsey et al. (2008) for comparable conditions. 
We attribute this to our measurement errors because we derived speed using a stopwatch 
whereas Halsey et al. (2008) used a treadmill (c.f. Sun et al., 1996). Treadmills provide
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researchers with a means to define the running speed of participants; however no treadmill is 
able to emulate the change in substrates required for this study.
Alternative methods for timing runs exist, such as using laser timing gates, and these operate 
with minimal measurement error. The protocol in the current study utilised the stopwatch 
because, as far as possible, we standardized measurement protocols, one of which involved 
travelling over inter-tidal sand where the use of laser gates is not possible. However, given 
that the present study includes data for 960 runs by 8 individuals, relative differences in 
coefficients of determination (R2) between metrics and substrate/incline conditions are 
unlikely the result of measurement error.
CONCLUSION
When data for all substrate and gradient conditions were collated, VeDBA proved to be the 
metric with the highest coefficient of determination when regressed with speed. However, 
relationships between speed and all the metrics tested in the present study were subject to 
variation due to substrate and gradient. Whilst using prior calibrations of speed to any of the 
metrics tested may be useful for use in detecting intermittent animal locomotion (Kramer and 
McLaughlin, 2001), dead-reckoned tracks produced in this way are likely to produce errors 
without some secondary means of correction. This is particularly germane in habitats where 
transitions in substrate and gradient are frequently encountered. These corrections can be 
conducted via periodic ground-truthing of the dead-reckoned tracks by other methods of 
telemetry. In this way, dead-reckoning provides a means to obtain fine scale movement data 
for terrestrial animals without the need for additional data on substrate or gradient.
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ABSTRACT
Researchers of animal movement ecology are increasingly employing GPS telemetry 
in order to record changes in animal position over time. However, GPS systems have a high 
power requirement, which is proportional to rate at which positional fixes are obtained. 
Welfare considerations preclude the use of systems with large batteries and so the sample rate 
of GPS telemetry is limited. Thus GPS telemetry provides an incomplete picture of animal 
movement and no data is available as to how animals move between positional fixes (i.e. 
tortuosity and travel speed). The only method that enables continuous, fine scale recording of 
animal position is dead-reckoning, which has the potential to ‘fill in the gaps’ between less 
resolute forms of telemetry. The method has been employed in aquatic environments, but no 
explicit demonstration of terrestrial dead-reckoning has ever been achieved. In the present 
study, the method by which dead-reckoning can be undertaken is described in detail, 
including deriving heading from tri-axial accelerometer and tri-axial magnetometer data, 
corrections for hard and soft iron distortions on the magnetometer output and a correction 
procedure to marry the dead-reckoned path to ground truthed positions. The method is trialled 
on domestic dogs (Canus lupus familiaris) and a horse (Equus ferus caballus), and dead- 
reckoned tracks show high accordance with GPS positions (Mean displacement = 0.291 
±0.203 m). The wider implications of this method for the understanding of animal movement 
ecology are discussed, including a means to test the validity of stochastic models for animal 
movement, with particular significance to those that are purported to be scale independent.
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INTRODUCTION
Animal movement interests animal biologists because, inter alia, it determines the 
success of individuals in obtaining resources, avoiding predation, maximising fitness and 
managing energetic profitability (Stephens et al., 2007; Stephens and Krebs, 1986; Swingland 
and Greenwood, 1983). The success of individuals in turn modulates populations and drives 
evolution and the diversity of life (Nathan et al., 2008). There are also numerous practical 
benefits to understanding animal movement, such as predicting the impact of land useI
changes, control of invasive and pest species, conservation of endangered species and 
foreseeing the spread of zoonotic diseases (Dale et al., 2000; Kot et al., 1996; Patz et al.,
2004; Stinner et al., 1983).
Obtaining the required information on animal movements is far from trivial, however, 
as many species operate in environments that preclude them from being observed (e.g. Davis 
| et al., 1996; Roper et al., 2001). Biotelemetry methods deal with this (Cooke et al., 2004)I'
! because they obviate the need for visual contact between researcher and study animal. The
[ two methods most frequently applied in terrestrial environments for obtaining animal location
data are VHF and GPS telemetry (Rodgers, 2001; White and Garrott, 1990). Both however,
; have their limitations (Recio et al., 2011); VHF is an established method, but requires
| significant field effort to implement (Fancy et al., 1988) while GPS telemetry is accurate
| (Hulbert and French, 2001) but prone to bias according to the acquiescence of the
: environment (Dussault et al., 1999; Frair et al., 2004), particularly by vegetation (Gamo et al.,
2000) and landscape topography (D'Eon et al., 2002). In addition, the high current drains of 
GPS systems necessitate large batteries which are prohibitive on smaller species (Bridger and 
Booth, 2003; Guillemette et al., 2002; Reynolds and Riley, 2002). Analysis of data obtained 
by both methods assumes straight line travel between temporally infrequent positions (Witte 
and Wilson, 2004) even though much animal movement is known to be highly tortuous 
(Kramer and McLaughlin, 2001). Clearly there is a need for fine scale animal movement data 
in both space and time so that animal movement models better reflect the true nature of 
animal movement (c.f. Morales et al., 2010).
As of yet, the only biotelemetric method purported to produce fine scale (i.e. >lHz) 
animal movement data is dead-reckoning (Bramanti et al., 1988; Wilson and Wilson, 1988; 
Wilson et al., 1991). In fact, dead-reckoning has the potential to produce tracks of such fine 
detail that they can be used to infer behaviour (Wilson et al., 2007). Dead-reckoning 
calculates the travel vector for a given time interval using information on heading, speed and 
change in vertical axis (Wilson, 2002). Once this is achieved, the three dimensional
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movement path can be reconstructed by integrating the vectors in sequence (Shiomi et al.,
2008). Because data are recorded by sensors on board an archival logger, its efficacy is 
unaffected by the permissiveness of the environment (Chapter 4). This is an important 
distinction to transmission telemetry (see above) and is highly relevant for understanding 
animal movement because our ability to describe its adaptive significance is dependent on 
obtaining accurate, unbiased data (Bradshaw et al., 2004; Sims et al., 2005).
Dead-reckoning is a little used technique in movement ecology research, in part 
because early systems for dead-reckoning were crude (Ioale et al., 1994; Wilson and Wilson, 
1988; Wilson et al., 1991). However, with the development in solid state technology, modem 
electronic compasses can now calculate animal heading to within 1° (Camso, 2000; Wilson et 
al., 2008). The technique has been employed for tracking aquatic species (Davis et al., 2001; 
Mitani et al., 2003; Shiomi et al., 2008; Ware et al., 2011; Wilson et al., 2008; Wilson et al., 
1991) but is yet to be used for species that utilise terrestrial locomotion. This is partly 
because of the difficulty for determining the speed of terrestrial animals (Shepard et al.,
2009), a process which is certainly simpler underwater where mechanical methods can be 
used due to the density and viscosity of water (Eckert, 2002; Hassrick et al., 2007; Ponganis 
et al., 1990; Ropert-Coudert et al., 2006; Sato et al., 2003; Shepard et al., 2008c; Wilson et 
al., 1993; Yoda et al., 2001; Yoda et al., 1999). However, an ability to estimate speed reliably 
for land animals should, in fact, see terrestrial dead-reckoning more straightforward than for 
aquatic or volant species (Wilson et al., 2008) because terrestrial movement is not subject to 
drift due to air flow (Dall'Antonia et al., 1995) or ocean currents (Shiomi et al., 2008). It 
would seem then, that the sticking point for terrestrial dead-reckoning may simply be the 
measurement of speed, and, were this to be provided, that this approach would provide a 
workable alternative to other forms of telemetry (Wilson et al., 2008).
Encouragingly, Chapter 3 shows that dynamic acceleration, as measured by animal 
borne inertial sensors, provides a means to estimate speed by proxy. Although the 
relationship between speed and dynamic acceleration can be perturbed by variations in 
substrate and incline (Chapter 4), potential cumulative errors such as these (Wilson et al., 
2007; Wilson et al., 2008) can be corrected by periodic ground-truthing by a secondary 
means of telemetry (Chapters 3 & 4). Indeed, this remains the most workable theoretical 
solution for terrestrial dead-reckoning. However, the method is yet to be illustrated explicitly, 
with specifics such as the error accumulation rate and the required frequency of ground- 
truthing, needing to be addressed (Chapter 4).
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The present study aims to detail how terrestrial dead reckoning can be achieved using 
a daily diary device (Wilson et al., 2008) coupled with a GPS device periodic ground 
truthing. In order to monitor errors, the method is illustrated using an easily manipulated 
model species, the domestic dog, Canus lupus familiaris.
METHODS
Figure 1 illustrates the stages required to obtain animal travel paths through dead 
! reckoning. These stages require concurrent data from a triaxial accelerometer and 
! magnetometer. For clarity this section details each calculation sequentially.
Rotate Axes 
according to 
Pitch and 
Roll
Derive
Heading
Perform 
Hard and 
Soft Iron 
Corrections
Normalise
Compass
Data
Perform
Dead
Reckoning
Calculation
Compute 
Pitch and 
Roll
Calculate 
Speed from 
VeDBA
Compute
Acceleration
Components
Figure 1; Flow diagram showing the process required to perform dead reckoning
Computing acceleration components
The static acceleration is required in order to undertake the necessary pitch and roll 
calculations for computing compass heading when the device orientation is not level. Static 
acceleration is experienced by the device due to the pull of gravity. Thus the device 
experiences 9.81 ms'2 (1 g) of acceleration at all times. Static acceleration may be calculated 
according to the method detailed in Shepard et. a l (2008b), using a moving average (see
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Figure 2). The static acceleration for any sample, Si, given window size w may be computed
Figure 2; Idealised illustration of how static acceleration (Sj) is calculated using a moving average of 
window size w. The locomotion of the animal produces a charicteristic waveform, which oscillates arou 
the static acceleration Sj.
Dynamic acceleration can then be calculated by subtracting the static acceleration from the 
total acceleration on each axis.
Computing pitch and roll
Once static acceleration is known for each axis, pitch and roll can be calculated as 
rotations in the sway and heave axes respectively. For clarity, a tri-axial accelerometer 
records acceleration in the heave, surge and sway axes, corresponding to the dorso-ventral, 
anterior-posterior and lateral axes of the animal respectively (Shepard et al., 2008a). If the 
static acceleration of heave, surge and sway are denoted by Sx, Sy and Sz respectively, then 
pitch and roll are calculated as;
as;
Time
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Roll ( I \  18'(7 ) = (a ta n l  (S*, J S y • Sy + Sz • Sz j  • —
Pitch  (/?) = (1a tan l{Sy , y/Sx • Sx +  Sz • Sz) •
0
7T
180
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t I
Vs  180
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A
Figure 3; Illustration of how changes in body orientation, i.e. a) Roll (y), b) Pitch (P), produce changes in 
static acceleration.
This calculation normally provides pitch and roll in radians, so the presence of 180 / n 
provides the result in degrees. For an illustration of the relationship between static 
acceleration and pitch and roll, see Figures 3a and 3b.
Note that atan2 is a function in computer programming, and is available in Excel, Matlab etc. 
It calculates the angle between the two coordinates given as arguments (separated by For 
clarity, in standard mathematical formula atan2 may be expressed as;
yatan2(y,x') =  2 arctan
yjx2 + y 2 + x
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Hard and Soft iron corrections
The earth’s magnetic field can be distorted by the presence of ferrous materials or 
sources of magnetism near the triaxial magnetometer (see discussion). The device is rotated 
through 360° whilst held level and then rolled 90° and rotated again. This process essentially 
allows each axis of the magnetometer to obtain values for North, East, South and West 
heading, denoted as Bx, By and Bz. For each axis a minimum and maximum value are 
obtained, which is then used to calculated the offset produced by hard and soft iron 
distortions, denoted by O;
ma x(Bx) +  min (Bx) 
x ~  2
ma x(#y) +  min {By)
° y = 2
max(£z) +  min(Z?z)
° z =  I
This offset is then used to correct the output of the magnetometer to give the true magnetism 
experienced by the sensor on each axis, given as m;
T T l x  —  B x  —  0 X
T T l y  =  B y  -  O y
m z  —  B z  —  O z
Figure 4 provides an illustration of how a hard iron distortion produces displacement in the 
point of origin of a magnetometer output when rotated in 360° in a single plain. Note that 
Figure 4 shows data for two axes in order to aid interpretation. In the dead-reckoning 
procedure the correction must be applied to all three axes (see Figure XXX).
<0 ' - y  \
l i b r a r y ^
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'Pa
Max(Bx)
Figure 4; Visualisation of displacement correction for the magnetometer output. The red circle represents 
data for a 360deg rotation from two magnetometer axes that are subject to displacement from the true 
point of origin by hard iron distortion. Using the equations provided in the text, it is possible to calculate 
the offset O from the minimum and maximum values on each axis.
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Normilise compass data
Each of the sensors that detect the magnetic force on each of the device axes may 
have varying sensitivity and thus produce different values. This can be corrected by 
normalising the output for each axis using a normalising factorf n\
fm = y/mx2 + m y 2 + m z 2 
This fictor is then applied to the outputs of each axis to normalise the magnetometer vector to 
unit length;
m x
Nmx — —A,
fm
N r t i y
m y
fm
m z
Nmz =  —
fm
my
N m y
Nm xm x
Figure 5; Visualisation of magnetometer data where sensors on the x axis are less sensitive to magnetic 
field st'ength than those on axis y. By calculating the vectorial product it is possible to discover the 
correction factor needed so that all axes have equal range between minimum and maximum values 
obtainable.
Rotate axes according to pitch and roll
During device deployment it is likely that the device will not be kept level. This is 
problematic for the derivation of heading because tilting the device is likely to alter the 
output of the magnetometer due to magnetic declination and inclination angles. Thus, pitch
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and roll must be used in order to calculate what the magnetometer outputs would be if the 
device was orientated level to the ground, denoted as RNmx, RNmy and RNmz;
RNrrii = Nrrii • Rx (y ) • Ry (P)
The rotation matrices for pitch and roll, given as Ry (P) and Rx (y) respectively are 
expressed as;
fl*(r) =
1 0 0
0 cosy — siny
. 0 siny cosy .
‘ cos/? 0 sin/?'
0 1 0
sin /? 0 COS p .
Ry(P) =
Derive heading
The heading in degrees may be calculated as;
H — (atan2[RN m y, —RNmxyj 
Note again the use of the atan2 function, see above.
180
n
Calculate speed from VeDBA
The methods detailed here make use of Vectorial Dynamic Body Acceleration 
(VeDBA) as a proxy for speed as recommended in Chapter 4 . VeDBA is the vectorial 
product of dynamic acceleration. Dynamic acceleration (DAj) can be calculated by 
subtracting the static acceleration from the total acceleration recorded by the accelerometer. 
These values are then used to calculate VeDBA as;
VeDBA =  (DA* +  DA* + DA*)
Animal speed s, is calculated as;
s  =  (VeDBA •m )  + c 
where m is the constant of proportionality and c is a constant. The value for m can be 
changed iteratively until dead reckoned paths and ground truth positions accord, as described 
in Chapter 4. In turn, speed (s) can be used to calculate distance, d, according to the time 
period length, t, as;
d =  s • t
Dead reckoning calculation
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Applying a Cartesian grid on to the surface of the Earth may result in error. This is 
because the Cartesian grid is essentially a 2D rectangular surface and the Earth a 3D sphere.
It may be possible to overcome this by performing the dead-reckoning calculations originally 
in Latitude and Longitude. First, for any given reading, a speed coefficient, q, must be 
calculated as;
d
q = R
Where d is the distance for that time period and R is the radius of the earth (6.371 xlO6 m). 
Next Latitude and Longitude at time Ti can be calculated as;
Lati = asin(sinLat0 • cosq +  cosLat0 • s in q • cos//)
Lorii = Lon0 +  a tan 2{{  sinH • sin q • cos Lat0) , (cos q — sin Lat0 • sin Lat*)) 
Note again the use of the atan2 function, see above.
Verification of calculated paths
In order to evaluate the accuracy of the calculated paths, synchronous ground-truthing 
data must be obtained. This can be achieved through the concomitant use of a secondary 
means of telemetry such as VHF or GPS (Chapters 3 & 4). The method described here makes 
use of GPS telemetry, which produces a sequence of Latitude and Longitude values 
according to the changes in animal position. The error in dead-reckoned position can be 
calculated by measuring the distance from a synchronous position obtained from the GPS by 
using the following calculation;
= acos(sinL a tDR • s in L a tGPS + cosLatDR • cosLatGPS • cos(LonGPS — LonDR)) • 6371 
This calculation gives the distance between the two coordinates in km. If the coordinates do 
not accord, the dead-reckoned track is corrected according to the following procedure; for 
any time period, the distance between consecutive ground truth positions is calculated. This 
distance is then divided by the corresponding distance for the same time period as calculated 
by dead-reckoning. This division provides the correction factor by which dead-reckoning 
overestimates speed, so all speed values (s) for this time period are multiplied by the 
correction factor (Figure 6).
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DHr • Cor = D
Figure 6; Illustration of how the distance correction factor is calculated. The correction factor is then 
applied to all distance calculations so that dead-reckoned and ground truthed positions accord.
If the tracks still do not accord, this is indicative of a heading error. The heading between the 
two ground truth positions that start and finish this time period is calculated, as is the heading 
between the start and end positions of the dead-reckoned track. In a manner similar to the 
correction of speed, the heading for the ground truth positions (in this study GPS serves as 
the source of ground truths) is divided by the heading for the dead-reckoned track to provide 
the heading correction factor. This factor is applied to the heading data used in all 
intermediate dead-reckoning calculations and the dead reckoned track is then recalculated. 
This procedure of correcting distance and heading continues until dead-reckoned tracks and 
ground truth positions align.
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Diff
Figure 7; When distances from start position are equal but there is displacement between dead-reckoned 
and ground truthed positions; a heading error is likely to have occurred. Dividing the heading between 
start position and the ground truthed position, and that of the dear-reckoned position gives the factor by 
which the dead-reckoned heading is out. Applying this factor to all dead-reckoning calculations between 
ground truth positions should result in alignment of the two.
Trial on Animals
The study made use of 3 adult domestic dogs (Canis lupus familiaris) and a horse 
(Equus ferus caballus). They were equipped with a Daily Diary archival data logger (see 
Wilson et al., 2008) set to record tri-axial acceleration and tri-axial magnetic field strength, in 
16-bit resolution, at a sampling frequency of 20 Hz. In addition, they were equipped with a 
GPS logger (iGotU GT-120, Mobile Action Technology) in order to obtain the corresponding 
data necessary to verify the paths calculated by dead-reckoning. The GPS logger recorded 
animal position once every 5 s. The devices were mounted to a collar worn by the dogs, and 
to the saddle pad above the withers for the horse. This position was chosen to avoid 
unnecessary noise in the acceleration data produced as the horse moves its head during 
locomotion. The total package weight was 61 g, far below the maximum guideline amount of 
3% total body mass (Vandenabeele et al., 2012). Dog 1 was released and allowed to roam 
freely on the Gower Peninsular, Wales. Dogs 2 and 3 were allowed to roam freely along a 
grassy bank in Busum, Germany. Dogs were followed by their owners. The horses were
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directed by a rider on the Gower Peninsular, Wales. Owners of all animals were briefed on 
the study and gave their consent prior to undertaking deployments.
RESULTS
Table 1 shows the concordance between GPS positions and dead-reckoned positions 
at the corresponding time. Calculating animal travel paths, determining speed according to 
VeDBA without any form of correction produce appreciable error (Mean = 731.859 ±322.549 
m). Once corrections for distance and heading were applied average discord between GPS 
and dead-reckoned positions was negligible (Mean 0.291 ±0.203 m).
Subject Error before correction (m)
Error after 
correction (m)
Dog 1 590.7394 0.131673
Dog 2 652.7319 0.1136
Dog 3 480.263 0.528577
Horse 1203.703 0.389637
Mean 731.859325 0.29087175
St. Dev 322.5487803 0.202507511
Table 1; Details for accordance between GPS and dead-reckoned positions prior and post correction 
procedure
The total distance travelled by the animal differed according to the method by which
it was calculated. Total distances as measured by dead-reckoning were consistently higher
than those derived from GPS telemetry (Table 2). The mean difference between measures of
total distance for GPS and dead-reckoning was 0.702 ±0.465 km. Some causative link
between track tortuosity and underestimations of distance as given by GPS is suggested.
Subject GPS Length Dead Reckoning Length Difference Tortuosity
_____________ (km)______________ (km)______________ (km)__________ Q _____
Dog 1 5.50748 6.40974 0.90226 6.381424506
Dog 2 2.07478 2.49239 0.41761 6.162740988
Dog 3 3.03999 4.29568 1.25569 11.52475912
Horse 10.1271 10.3598 0.2327 4.380089652
Table 2; Summary of track length estimations according to GPS telemetry and dead-reckoning.
Tortuosity is given by heading change since last measurement (at 40 Hz)
The correction factors required to both speed and heading in order to ensure that dead- 
reckoned positions aligned with the GPS ground truths differed over time. This is detailed in 
Figure 2 which shows the change in correction factor with respect to time.
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Time (s) Time (s)
Figure 8; Changes in speed and heading correction factors during deployment for a) Dog 1, b) Dog 2, c) 
Dog 3 gnd d) Horse
DISCUSSION
Efficacy of dead-reckoning
The results of this preliminary trial suggest that dead-reckoning is a viable means to 
track animal movements on a fine scale. Providing the corrections procedure described in this 
study s utilised, the accordance between dead-reckoning and the GPS positions used here as 
ground truths is high, and error is almost negligible (Table 1). Performing dead-reckoning 
without some means to correct travel speed produced positions with appreciable error. This is 
probably due to the influence of heterogeneous terrain features and these findings are 
consis:ent with predictions made in other studies (Chapters 3 & 4).
In addition, some heading correction was required in order to maintain alignment 
between dead-reckoned and GPS positions. Prior to the commencement of this study, it was 
thought that only misalignment between tag and animal frames would produce heading errors 
(Wilscn et al., 2008). However, these deviations should be consistent if tag and animal 
frames to not move relative to each other. Even when utmost care was taken to ensure that 
collars were attached securely, heading corrections were needed, and the extent of correction
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differed over time (Figure 2). Even in the case of the horse, for which attachment position 
should have been highly consistent because the device was not free to move, different 
degrees of correction were required. This highlights that even very small changes in device 
position relative to the animal can produce errors in position estimation by dead-reckoning. 
Whilst the correction procedure ensures that the tracks begin and end on ground truthed 
positions, large variation in device attachment may reduce the accuracy of calculated paths in 
the intermediate period. This is particularly pertinent for deployments when ground truthing 
occurs at very low frequencies. However, the detection of large changes in heading correction 
may be indicative of shifts in device position and could be used to diagnose this issue.
An alternative explanation for the variation in heading correction observed in Figure 2 
could be temporal misalignment of the dead-reckoning and ground truth GPS equipment.
Such misalignment may arise if there is some degree of offset between the initiations of the 
! two devices, both of which should be run concordantly for accurate dead-reckoning (see 
j above). By using two separate devices in this way, it becomes difficult to synchronise the 
| time stamps of both. Thus, there is a risk that ground truth data do not correspond to the dead 
reckoning positions because they are offset in time, resulting in larger corrections being 
| required to align the two paths. To overcome this uncertainty, a daily diary (Wilson et al., 
2008) that incorporates a GPS unit is currently being developed by the movement ecology 
; research group at Swansea University. Such a device is designed to record both the 
accelerometer and magnetometer data required for dead-reckoning, whilst obtaining GPS 
fixes for ground truthing simultaneously (albeit at a reduced sampling rate to save power). 
These data are attributed time signatures from a single processing unit, such that there is no 
temporal offset between the two. Unfortunately however, this unit has not been finalised in 
time for the completion of this thesis. Nevertheless, such equipment offers a more accurate 
means to perform dead-reckoning in the future.
It should be noted that for the purposes of illustrating the terrestrial dead-reckoning 
procedure, the GPS records at a very high frequency relative to those commonly used in the 
literature, which vary dramatically from 1,10 and 30 s intervals (Gremillet et al., 2004; 
Schofield et al., 2007; Weimerskirch et al., 2002) to 1 and 2 h intervals (Garcia-Ripolles et 
al., 2010; Nelson et al., 2004), daily (de Beer et al., 2006) and even monthly (Tomkiewicz et 
al., 2010). Further research is required to investigate how frequently ground truths should be 
obtained in order to produce dead-reckoned tracks that accord with the true animal paths. 
Incremental errors in dead-reckoning accumulate over time (Wilson et al., 2008), and so it is 
likely that increasing the interval at which ground truths are obtained will decrease the
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accuracy of the dead-reckoned track. The rate at which the error accumulates in terrestrial 
species is likely to be influenced by changes in substrate and incline conditions (Chapter 3) or 
distortions in the earth’s magnetic field (see below). Although error accumulation is likely to 
be less severe than for aquatic and volant species (Dali'Antonia et al., 1995; Wilson et al., 
2007; Wilson et al., 2008), this accumulation rate is currently unknown and needs to be 
established. The next stage in the development of this technique is an experiment that utilises 
progressively coarser ground-truthing data whilst monitoring changes in the calculated dead- 
reckoning path. Repeating this experiment over numerous terrain types would help establish 
the data requirements for accurate dead-reckoning in different environments.
Ultimately, the dead-reckoned path can only be as accurate as the ground truth 
positions from which it is derived. GPS telemetry is known to incur error according to the 
permissiveness of the environment (D'Eon et al., 2002; Dussault et al., 1999; Frair et al.,
2010; Gamo et al., 2000), and so it’s use for informing dead-reckoning should be undertaken 
with this in mind. For certain habitats, such as dense forest, urban or mountainous terrain (see 
| references above) a secondary means of ground-truthing may be appropriate; such as RFID 
; stations or visual sighting.
Despite the high accordance between GPS and dead-reckoned positions, during the 
intervening period for which no GPS positions are available (because GPS telemetry must 
; record at a lower sampling rate), the dead-reckoned positions did not follow a straight line 
; path. This led to a divergence in total track length as calculated by GPS and dead-reckoning 
! (Table 2). Figure 4 shows a portion of the GPS and dead-reckoned track for one of the canine
t
subjects, Dog 3.
I l l
Figure 9; Movement path of a domestic dog. The purple track displays the GPS data (0.2 Hz), the green 
shows the path according to dead-reckoning (40Hz)
Here it is clear to see that when animals travel in meandering, tortuous paths, some 
information about track length and behaviour (i.e. longer residence in a given area) is lost by 
low resolution telemetry. These mirror the concerns expressed by researchers elsewhere 
(Wilson et al., 2007). Given that the sampling frequency of the GPS used in this trial (0.2 Hz) 
may be considered higher than the conventions of other studies (Mills et al., 2006; Ryan et 
al., 2004), it is likely that GPS telemetry may grossly underestimate animal travel distances. 
This is likely to be significant in the understanding of animal movement ecology (see below).
Sources of error
Although the dead-reckoning procedure described here avoids some errors that are 
typical of other forms of telemetry, such as signal attenuation or scatter (see Introduction), it 
is still possible for environmental factors to alter the calculated path. The predominant 
mechanism through which this can occur is from errors in heading derivation due to the 
magnetometer’s susceptibility to magnetic distortions (Denne, 1979). Few papers in the 
biological literature for dead-reckoning give explicit consideration to magnetic deviation in 
this manner (Shiomi et al., 2008; Wilson et al., 2007; Wilson et al., 2008; Wilson and Wilson, 
1988; Wilson et al., 1991), despite there being considerable discussion of its impacts within
112
the engineering literature (Caruso, 1997; Hoff and Azuma, 2000; Skvortzov et al., 2007; Van 
Bergeijk et al., 1998). This is partly because dead-reckoning remains a little used technique in 
animal ecology research, and in the environments in which it has currently been implemented 
(i.e. marine environments) sources of magnetic distortions, such as large deposits of ferrous 
minerals or man-made structures, are not often encountered.
There are two primary sources of error in heading calculation from digital 
magnetometers; soft iron and hard iron magnetic distortions (Vasconcelos et al., 2011). In the 
absence of magnetic distortions, rotating the magnetometer through all possible orientations 
should produce a sphere when the data are plotted as a 3 dimensional scatterplot (Figure 4). 
This is because the magnetic field detected on each axis is the trigonometric product of the 
vector angle (i.e. heading) between them (Renaudin et al., 2010).
Soft iron distortions occur when ferrous material around the sensors (e.g. casing, 
screws, panels etc.) that may not be magnetic themselves (i.e. magnetically ‘soft’), alter the 
magnetic field around the device (Caruso, 2000). This is due to ferrous material being more 
permissive to magnetic field than the surrounding media, and so the magnetic field flows 
through those materials (Dong et al., 2008). When a device containing tri-axial 
magnetometers is rotated under the influence of consistent soft iron distortions, the resultant 
data plotted in an X, Y, Z tri-axial magnetic field intensity plot (Figure 5) are no longer a 
sphere but an ellipsoid (Figure 5), as the magnetic field observed by the sensors is dependent 
on the device’s orientation. These can be corrected by using an ellipsoid correction factor on 
the data before heading calculation provided that the position of the source of the soft iron 
distortion remains static relative to the movement of the magnetometer (Guo et al., 2008).
Soft iron distortions can be problematic during animal route calculation through dead- 
reckoning when environmental sources of soft ferrous materials are encountered and they do 
not remain at a fixed position relative to the device. This raises the possibility that dead- 
reckoning may incur significant heading errors in areas where sources of ferrous materials are 
common, such as in urban environments.
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Figure 10; Magnetometer output plotted in 3 dimensions. The green sphere represents an ideal reading 
free of magnetic distortions. The red ellipsoid within is a result of displacement due to hard iron, and 
distortion due to soft iron sources.
Hard iron distortions are more easily addressed but still merit consideration. ‘Hard’ 
iron effects are caused by ferrous materials that have permanent magnetism, and thus their 
own magnetic field (Gebre-Egziabher et al., 2001). When these materials are placed in 
proximity to the magnetometer, they add a constant magnetic field component that shifts the 
position of the centre of the sensor output. The red data displayed in Figure 5 has incurred 
some displacement due to hard iron distortion as its origin is not located on point 0 ,0 ,0 . 
Sources of hard iron distortions include magnets, speakers, motors and batteries. Correction 
can be achieved by applying a correction factor that returns the calibration to an origin of 
0,0,0 (Xiang and Tian, 2011). Hard iron distortions become problematic if the magnetic fields 
of hard magnets are sufficiently strong to ‘stick’ the magnetometer sensor output to a narrow 
range of values. Thus, when selecting power sources for archival data loggers in particular, 
their magnetism should be considered to ensure that the values they produce are sufficient for 
heading calculation.
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Pitch and Roll calculation without Gyroscope
The proposed method calculates pitch and roll based on derivation of static 
acceleration (i.e. the gravitational component of total acceleration) using low-pass filtering 
based on a running mean as detailed in Shepard et. al. (2008b). Although a robust method for 
determining the optimum window size has been illustrated (Shepard et al., 2008b), the study 
concerned did not consider the true attitude or dynamic acceleration for animals. For the 
correlation of metrics of acceleration with energy expenditure (Halsey et al., 2008; Halsey et 
al., 2009; Halsey et al., 2011) this issue is trivial. However, this approach has received 
criticism recently because it is prone to inaccuracies when animal movement is highly 
variable or sudden (Fourati et al., 2011; Noda et al., 2013a; Noda et al., 2013b; Noda et al., 
2012). This may occur when animals exhibit short lived behaviours such as fast-start evasive
I behaviour or ambush predation (Harper and Blake, 1990; Lefrancois and Domenici, 2006). In
I
I engineering disciplines, attitude may be measured through combined use of accelerometers
| and gyroscopes for use in dead-reckoning calculation (Fang et al., 2005; Jimenez et al., 2009;
I Park et al., 1996; Randell et al., 2003). Although gyroscopes have been shown to calculate
| attitude more accurately than accelerometers alone (Noda et al., 2013a; Noda et al., 2013b;
I
i  Noda et al., 2012), there are very good reason for avoiding their use where possible. In order
| to obtain the required accuracy, gyroscopes must record at very high sampling rates (>200
i
Hz), which results in them having a large requirement for both power and memory capacity 
(Noda et al., 2013a; Noda et al., 2013b). This currently precludes their use on many free- 
living animals because the required battery capacity would make them too large for ethical 
deployment (Vandenabeele et al., 2012). It has been claimed that inertial reference systems 
such as these have weight, power requirement and costs that are tenfold those of simple 
accelerometer systems (Caruso, 2000). Currently, the majority of gyroscope-equipped data 
loggers are reliant on short deployment periods or the need for predetermined recording 
schedules in order to save power (Noda et al., 2013a; Noda et al., 2013b). In contrast, despite 
their short-comings during periods of high dynamic acceleration, accelerometers alone have 
been shown to reliably estimate attitude during periods of steady locomotory activity (Noda 
et al., 2012) and require far less power and memory. The incidence of fast-start behaviour is 
likely to be infrequent given their high energetic and physiological demands (Frith and Blake, 
1995) and terrestrial species should not change attitude frequently as they predominantly 
travel by pedestrian locomotion. Thus, the inaccuracies reported elsewhere (Fourati et al.,
2011; Noda et al., 2013a; Noda et al., 2013b), which are relatively trivial compared to other
115
sources of error, such as variation in the speed, VeDBA relationship, are unlikely to make a 
significant difference in the accuracy of dead-reckoned tracks from terrestrial animals 
determined using accelerometers without simultaneous gyroscope information. Indeed, our 
study illustrates that using accelerometers in combination with magnetometers is sufficient 
for calculating animal travel paths by dead-reckoning, providing a highly practical means to 
obtain fine-scale movement data from free-living animals.
I
Implications for Movement Ecology
That animals must move throughout their environment in order to find food, obtain 
mates and avoid predation, demonstrates how fundamental this process is in determining the 
success of animal lives (Nathan et al., 2008). The distance animals move is an ecologically 
significant parameter that helps quantifies behavioural strategies and has implications for 
defining fundamental processes such as maximum energetic gain and exposure to predation
f
; risk (Morales et al., 2010). Unsurprisingly, distance has formed a fundamental component of 
| stochastic models that aim to explain animal movement patterns (Bartumeus et al., 2005;
! Bartumeus and Levin, 2008; Benhamou, 2007; Marell et al., 2002; Ramos-Femandez et al., 
j 2004; Sims et al., 2011; Viswanathan et al., 1996; Viswanathan et al., 2008) and many 
| studies have concentrated on testing these models against the travel distances recorded in 
; wild animals (Marell et al., 2002; Ramos-Femandez et al., 2004; Sims et al., 2008;
i
! Viswanathan et al., 1996). What price the value of such models, however, if we do not have 
accurate measurement of animal movement patterns?
Currently, the majority of studies of animal movement are based on infrequent 
positional fixes obtained via radio or satellite telemetry and calculate distance by assuming 
straight line travel between these fixes (Rowcliffe et al., 2012) although track tortuosity is a 
fundamental concept in animal paths (Whittington et al., 2004). Simple straight line paths 
between infrequent positional fixes do not allow tortuosity to be quantified, leading to gross 
underestimations of animal travel distance (Figure 2; Benhamou, 2004; Bovet and 
Benhamou, 1988; Codling and Hill, 2005). Ignoring this leads to both fundamental and 
applied problems. For example, the recently proposed Levy Flight Foraging Hypothesis 
claims that animals adopt a scale-independent, fractal search strategy in heterogeneous 
environments (see Viswanathan et al., 2011 and references therein) and numerous studies do 
indeed claim to have recorded scale-independent Levy flight strategies in wild animals. 
However, there is evidence that estimates of distance travelled are highly dependent on the 
scale at which data are recorded (Musiani et al., 1998; Rowcliffe et al., 2012; Safi et al.,
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2013; Zalewski et al., 1995) which calls into question the issue of genuine scale invariance. 
Solutions to this must sample animal position with higher temporal resolution (Johnson and 
Ganskopp, 2008; Lonergan et al., 2009; Mills et al., 2006) which may be possible with 
improvements in GPS technology (Hebblewhite and Haydon, 2010). Ultimately however, 
fixes need to be obtained at the frequencies at which tortuosity is produced. This is 
effectively the step frequency as no additional tortuosity is likely to be produced between 
steps (Rowcliffe et al., 2012). GPS at these rates is currently unworkable because of the high 
current demand of such systems make deployments prohibitively short or require batteries 
which preclude deployment on all but the largest species (Ganskopp and Johnson, 2007; 
Hurford, 2009). In addition the current level of accuracy possible with GPS systems (10- 
20m) may introduce bias in turn angle and distance (Frair et al., 2010; Hurford, 2009). Given 
that turns themselves may incur appreciable additional costs (Wilson et al., 2013, see 
I Appendix 1), methods are required to observe the variation in animal tortuosity reliably 
| (Rowcliffe et al., 2012).
The GPS-enabled dead-reckoning method described in the current study is the only 
| method by which distance and animal tortuosity can be measured accurately independent of
j any bias due to scale (Wilson et al., 2007; Wilson et al., 2008). Not only should this method
I
provide new information on the habits of animals, but it offers a means for testing recent
I
i theoretical developments in movement ecology such as Correlated Random Walks, Levy 
i  Flights and State-space models (c.f. Atkinson et al., 2002; Fritz et al., 2003; Marell et al.,
[ 2002; Patterson et al., 2008; Ramos-Femandez et al., 2004; Reynolds and Rhodes, 2009;
Sims et al., 2008; Viswanathan et al., 1996; Weimerskirch et al., 2007). Given that tortuosity 
and movement patterns are likely to vary between species, populations and individuals, this 
new tool available to animal ecologists may be the only means to measure this variation 
properly, and should be considered a significant development in the understanding of 
movement ecology (Holyoak et al., 2008; Rowcliffe et al., 2012).
As meta-population biology has gained traction, movement ecology has become 
concerned with how spatial processes are manifest at an individual level. How organisms 
sense and navigate through the landscape and how these processes are affected by 
fragmentation are key questions (Schick et al., 2008). Jonsen et. al. (2003) observed that 
through current methods, animal movements are observed incompletely, infrequently and 
with error. Such coarse data are not sufficient when the phenomena under observation occur 
over fine spatial and temporal scales. After all, these movements observed by less resolute 
forms for telemetry are produced as a result of behavioural decisions made by animals at fine
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scales in response to heterogeneous environments (With, 1994). There significant evidence 
that some animal utilise memory in order to forage more efficiently (Garber, 2005; Janson, 
1998; Regular et al., 2013). This memory is likely to relate to fine scale environmental 
features detected visually at fine scale (Etienne et al., 2007). Other movement phenomena 
observed at greater scale, such as home range use and territoriality (see Campioni et al., 2012; 
Kie et al., 2010; van Beest et al., 2011) are likely an emergent property of this fine scale 
decision making. It is known that different substrate types incur varying cost of transport 
(Kerdok et al., 2002; Knapik et al., 2004; Lejeune et al., 1998), which can vary at a fine scale 
in a heterogeneous environment. Animals have limited sensory range and little information 
about the landscape outside of it (Atema, 2012; Dangles et al., 2009). If animals disperse and 
forage according to an optimal strategy (Bartumeus and Catalan, 2009; Bonte et al., 2012), 
then they will react to changes in the environment according to how they perceive them. It is 
important that we monitor animal movement at this fine scale if we are ever to discover the 
I rules that govern animal movement phenomena. Such challenges are non-trivial to human 
; society as developments in movement ecology are needed to predict the spread of zoonotic 
| diseases (Altizer et al., 2011; Plowright et al., 2011), conserve endangered species (Bailey et 
I al., 2012; Kemink and Kesler, 2013; Ward et al., 2012) and control pests (Mazzi and Dorn,
i
i  2012; Monadjem et al., 2011). Only dead-reckoning allows the monitoring of animal 
I movement at the scale at which decisions are made, regardless of environmental
j  acquiescence. This unprecedented level of detail, obtainable only by dead-reckoning, opens
I
j up exciting avenues for future research into the rules that govern animal movement decisions 
on a step by step basis.
CONCLUSION
Terrestrial dead-reckoning has been achieved for the first time, and calculated paths accord 
with those derived from GPS telemetry. The method successfully made use of low-pass 
filtering methods to derive device pitch and roll, increasing the applicability of the method as 
energetically costly gyroscopes are not needed. The implications for the wider understanding 
of animal movement ecology are significant, as this method should allow researchers to 
quantify track tortuosity and obtain accurate estimates of travel distance and speed. It is 
anticipated that the method described here will allow researchers in this field to test the 
validity of recently devised models for animal movement such as correlated random walks, 
space state models, and scale independent Levy flights. However, further work is required to
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establish how frequently ground truth positions should be obtained to achieve reliable 
positional data from dead-reckoning, and how incurred error and bias of telemetry used 
ground truths can impact the calculation of dead-reckoned tracks.
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Love thy Neighbour: Automatic animal behavioural classification of acceleration data
using the K-Nearest Neighbour algorithm
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ABSTRACT
Researchers hoping to elucidate the behaviour of species that aren’t readily observed 
are able to do so using biotelemetry methods. Accelerometers in particular are proving 
particularly effective and have been used on terrestrial, aquatic and volant species with 
success. In the past, behavioural modes were detected in accelerometer data through manual 
inspection, but with developments in technology, modem accelerometers now record at 
frequencies that make this impractical. In light of this, some researchers have suggested the 
use of various machine learning approaches as a means to classify accelerometer data 
automatically. We feel uptake of this approach by the scientific community is inhibited for 
two reasons; 1) Most machine learning algorithms require selection of summary statistics 
which obscure the decision mechanisms by which classifications are arrived, and 2) they are 
difficult to implement without appreciable computational skill. We present a method which 
allows researchers to classify accelerometer data into behavioural classes automatically using 
a primitive machine learning algorithm, k-nearest neighbour (KNN). Raw acceleration data 
may be used in KNN without selection of summary statistics, and it is easily implemented 
using the freeware program R. The method is evaluated by detecting 5 behavioural modes in 
8 species, with examples of quadrupedal, bipedal and volant species. Accuracy and Precision 
were found to be comparable with other, more complex methods. In order to assist in the 
application of this method, the script required to run KNN analysis in R is provided. We 
envisage that the KNN method may be coupled with methods for investigating animal 
position, such as GPS telemetry or dead-reckoning, in order to implement an integrated 
approach to movement ecology research.
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INTRODUCTION
The use of animal attached sensors for monitoring animal movements and behaviour 
is now common practice (see Cooke et al., 2004 for review). In particular, accelerometers 
attached to animals allow the measurement of animal energy expenditure (Gleiss et al., 2011; 
Halsey et al., 2008; Halsey et al., 2009b; Qasem et al., 2012), travel speed (Chapters 3 & 4) 
and behaviour (Kato et al., 2006; Yoda et al., 1999) in environments which preclude direct 
observation, thus saving time and field effort (for details see Wilson et al., 2008).
With the development of a movement ecology paradigm seeking to integrate 
information of animal location, behaviour, energy expenditure and environmental 
S information (Nathan, 2008), animal-attached accelerometers show great promise as part of 
| the movement ecology 'toolbox', because they can be used to study both the behaviour and 
energy of free-living animals (Nathan et al., 2012a; Wilson et al., 2008; Wilson et al., 2006).
; Indeed, an increasing number of studies are making use of accelerometers to quantify animal 
behaviour (Gomez-Laich et al., 2008; Halsey et al., 2009a; Halsey and White, 2010; Yoda et 
al., 2001). Most of these studies identity behaviour following the principles set out in 
Shepard et. al. (2008). This method requires that researchers go through the data manually 
and interpret the signals according to changes in body posture and body motion, both of 
which are discernible using accelerometers (Gomez-Laich et al., 2008). Body posture can be 
detected as ‘static’ acceleration, and relates to the orientation of the accelerometer with 
respect to gravity. Body motion is detected as ‘dynamic’ acceleration when the inertia 
produced by animal movement registers characteristic signals on the device (Gomez Laich et 
al., 2011; Shepard et al., 2008). However, modem accelerometer-equipped data loggers are 
now able to record at rates as high as 300 Hz (Wilson et al., 2013), so manual identification 
of behavioural patterns in accelerometer data using this approach is arduous and, with 
increases in the use and capacity of the technology, is set to become more so.
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Some formalised procedures may help with this issue. For example, a simple method 
of automatic classification involves labelling data into behaviours by a sequence of rules (i.e. 
do data values exceed a given value), called thresholding: Moreau et. al. (2009) used 
threshold values to delineate whether goats (Capra aegagrus hircus) were grazing or 
browsing (head-up or -down state) while a similar approach was adopted by Lagarde et. 
al.{2008) in a study of the Greek tortoise (Testudo graeca) activity. In the latter study, a 
series of decision rules were designed through visual observation of the subject animals to 
discriminate between five behaviours, with high accordance between estimated and observed 
behaviours (Lagarde et al., 2008). However, the effectiveness of threshold methods are 
limited by the need for accurate selection of threshold values in the first instance, something 
that can only be achieved through visual observation and familiarity with the subject species. 
This issue was addressed by Sakamoto et. al. (2009) through the use of K-means clustering, 
which attempts to discover behavioural modes in the data automatically through unsupervised 
machine learning without ground-truthing. Unfortunately not all behaviours were discernible 
by the method, and it was limited to input from a single acceleration axis (Sakamoto et al.,
2009).
Another approach that has shown promise is the use of Machine Learning Algorithms 
(MLAs), specifically Support Vector Machine (SVM) algorithms. SVMs are a form of binary 
classifier, which differentiate between behavioural modes by representing data as points in 
space based on summary statistics derived from training data {i.e. the data collected under 
observation which is used to provide the machine learning algorithm with an example of data 
pertaining to a given behaviour) (Nathan et al., 2012a). A hyperplane (or division) is drawn at 
the maximum distance (usually Euclidean distance) between each training class, and new 
data are classified according to which side of the hyperplane they fall. Because SVMs are 
binary classifiers, i.e. they can only differentiate between two classes at a time, the problem
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must be split into multiple binary classifications when there are more than two behaviours, 
i.e. behaviour ,4 or all others, behaviour B or all others, etc. (Nathan et al., 2012a).
To our knowledge, the first study to illustrate the utility of SVMs in the classification 
of accelerometer data into animal behavioural states was Martiskainen et. al. (Martiskainen et 
al., 2009). In this study, SVMs were applied to accelerometer data obtained from dairy cows 
in order to distinguish between eight routine behaviours. However, some behaviours returned 
poor precision (for definition see Methods) in some classifications, due, in part, to similarity 
in movement patterns between behaviours (Martiskainen et al., 2009). Gao et. al. (Gao et al., 
2013, see Appendix 2) more recently evaluated SVMs as a means to classify accelerometer 
data. However, this method involves the use of a web-based program to conduct the analysis, 
which restricts the input sample rate to 1 Hz. Commonly, this is considered below a useful 
required sample rate (Gao et al., 2013; Ropert-Coudert and Wilson, 2005, see Appendix 2), 
as the sample rate is required to be twice that of the fastest expected movement (Chen and 
Basset, 2005).
Nathan et. al. (2012a) evaluated 5 machine learning algorithms (Artificial Neural 
Networks, Classification and Regression Trees, Linear Discriminant Analysis, Random 
Forest and Support Vector Machine) for use in classifying acceleration derived from Griffon 
vultures. Whilst all of the methods tested performed quite well (80 -  90% accuracy), we 
would argue that their adoption by the scientific community will be problematic because they 
are conceptually complex and their efficacy relies on the proper selection of summary 
statistics. One criticism that is often levelled at machine learning algorithms is that they are 
‘black box’ methods that are difficult for biologists to implement or appreciate how 
classifications are derived.
In light of this, we see a need for a method for automatic identification of behavioural 
modes that is accessible and straightforward conceptually. The K -  Nearest Neighbour
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(KNN) algorithm (Cover and Hart, 1967; Duda and Hart, 1973) is such a method, by which 
new data are classified according to the classifications of the k nearest data points from a 
training set (Fix and Hodges, 1989). This training set can be derived from ground-truthed 
data obtained under visual observation (e.g. Campbell et al., 2013, see Appendix 3). KNN is 
a form of primitive machine learning, and can be used to classify raw acceleration data 
according to its position in a 3d feature space and, compared with other MLAs, it is intuitive 
and computationally simple (Keller et al., 1985). The KNN is an established method in data 
classification and has been used in numerous fields, such as microbiology (Horton and Nakai, 
1997), security (Liao and Vemuri, 2002), forestry (Holmstrom et al., 2001) and hydrology 
I (Mehrotra and Sharma, 2006).
The purpose of the present paper is to introduce KNN as an easy to use and 
conceptually simple method for identifying animal behavioural modes in raw tri-axial 
i  acceleration data. The method detailed here requires no specialist coding experience or
i
selection of summary statistics to implement, and can handle high sample rate data (up to 40 
: Hz are tested here). KNN analysis can be carried out with the freeware program R, with the 
| script provided (see Suppl. Info., Appendix 6). In order to evaluate the utility of the KNN 
method, we used the algorithm in R to discern between five common behaviours of 8 species; 
Human (Homo sapiens), Badger (Meles meles), Cormorant (Phalacrocorax atriceps),
Cheetah (Acinonyx jubatus), Camels (Camelus dromedarius), Dingo (Canus lupus dingo), 
Kangaroo (Macropus rufus) and Wombat (Lasiorhinus latifrons).
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METHODS
K-Nearest Neighbour Algorithm
The concept behind KNN is intuitive; new data points are classed according to the 
classes of the points which are closest to them in the training data. KNN is a primitive form 
of machine learning that is often referred to as 'lazy learning' because induction occurs during 
run time (Cunningham and Delany, 2007). Figure 1 illustrates a simple example 
classification. In this example, k is set to 3 so the three nearest training data points to new 
points qi and q: determine the classes of these points by majority vote.
qi
Figure 1; Simple example illustrating KNN analysis when k=3. Here the new data points 
are classed according to a majority vote of their k nearest neighbours, so q l is classed as 
red and q2 as blue. Two variables are used in this example, although the same approach 
may be used with n dimensional data such as tri-axial accelerometer data.
In this example, ql is classed along with the red points and q2 along with the blues. 
Thus the KNN method may be separated into two stages; first, for attribute or dimension r 
(the variable, in our case acceleration in g) the Euclidean distance, d, between new data point 
Xi and training data point Xj is calculated by the formula given in Mitchel (1997);
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(1)
The algorithm then selects the k  number of values with the least Euclidean distance. 
Note that Euclidean distance is used because it is the convention with KNN, although other 
distance metrics may be used (Short and Fukunaga, 1981). If these k nearest values (or k 
nearest neighbours) are of two classes a and b, class a will be selected when the number of 
points belonging to class a outnumber those of class b, or na>rib. The KNN algorithm is 
present in the R package class, and also provides the output value prob, which is the 
proportion of k nearest values in the training set that belonged to the winning class.
where nwc denotes the number of points in the winning class. In order to improve accuracy, a 
threshold filter can then be applied to the prob values to produce a minimum majority 
threshold. Classifications made by the KNN that do not surpass this threshold are discarded. 
In the field of machine learning, algorithms are often evaluated through the construction of a 
confusion matrix (Stehman, 1997), a table that visually represents correct and incorrect 
classifications. Through construction of a confusion matrix it is possible to count how many 
true positive, false positive, true negative and false negative classifications are made. For use 
in the confusion matrix, classifications that surpass the threshold, and are verified as correct 
are taken as true positive (TP). Classifications that surpass the threshold but are verified as 
incorrect are taken as false positive (FP). Classifications that were verified incorrect and did 
not meet the threshold are taken as true negative (TN), and those correct classifications that 
do not meet the threshold are false negative (FN). These values are then used in order to
prob = ^  
k (2)
140
calculate the performance metrics, Accuracy, Precision and Recall (see Evaluation
Procedure).
Evaluation Data Sources
In order to evaluate KNN as a method for classifying tri-axial accelerometer data 
according to behavioural modes, data were collated from various sources (Table 1). A 
detailed account of tagging procedures of cheetah, dingo, kangaroo, wombat, badger and 
cormorant can be found in the source studies, given in Table 1. These studies was carried out 
under a University of Queensland Animal Ethics permit (SBS/300/12) and badger monitoring 
conducted under Natural England Badger Licence No. 20112793 held by the RSPCA, UK.
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Sample
Species________________ Source________________ Rate_____________________Behaviours
Sit
Cheetah Stand
Dingo Campbell 20 Hz Rest
Kangaroo et. al. 2013 Run
Wombat Walk
Forage
Badger Gao et. al. 20 Hz Rest
2013 Run
Walk
Climb
Rest
Camel Swansea 40 Hz Stand
University Walk
Graze
Browse
Stand
Human Swansea 20 Hz Lying
University Walk
Run
Crawl
Dive Ascent
Cormorant Gomez- 20 Hz Dive Bottom
Laich et. Dive Descent
al. 2008 Flying
Walk
Table 1; Descriptions of species used, behaviours performed, and sources of data.
The Camel deployment protocol was evaluated and approved by Lokhit Pashu-Palak 
Sansthan, India. Cormorant fieldwork at Punta Leon was conducted under permit from 
Organismo Provincial de Turismo, Argentina. The experimental protocol for the human 
subject was approved by the ethics committee of Swansea University, and the participant 
gave written informed consent.
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The tagging procedure used to obtain the data from the camel and human are currently 
unpublished, and so are presented here. A Dromedary Camel (Camelus dromedaries) of the 
“Mewari” breed (Khanvilkar et al., 2009) was equipped with a Daily Diary data logger 
(Wilson et al., 2008) at Lokhit Pashu-Palak Sansthan centre, in Rajasthan, India. The device 
was set to record at a sampling frequency of 40 Hz, at 12-bit resolution. The device was 
attached to a collar that hung below the neck, in order for it to become inclined if the animal 
raised or lowered its head. Whilst being observed, the camel was allowed to roam freely 
within a field. Behaviour was recorded for this time period, and five behaviours selected for 
use in this study according to availability of sufficient data to produce training and testing 
files. These behaviours were ‘Rest’ (sternal recumbency), ‘Walk’ (locomotion on all four 
limbs), ‘Idle’ (motionless on all four limbs), ‘Browse’ (feeding on trees), and ‘Graze’ (feed 
from the ground). Other behaviours were performed during observation periods, but not for 
sufficient time or occasions to allow for inclusion in the analysis.
A human participant was equipped with a X2 mini accelerometer (Gulf Coast Data 
Concepts, USA) which was held between the shoulder blades using a Silastic® harness (Dow 
Coming Corporation, USA). The participant was then instructed to perform the behaviours in 
turn, for a duration of 60s each. The behaviours were ‘Stand’ (stood still and upright),
‘Lying’ (sternal recumbency), ‘Run’ (locomotory gait with ‘suspended phase’, in which 
neither foot touches the ground), ‘Walk’ (locomotory gait without a ‘suspended phase’) and 
‘Crawl’ (locomotion on hands and knees). This sequence was repeated on two occasions in 
order to obtain data for training and testing sets.
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Evaluation Procedure
Data for five behaviours (see Table 1) from each species were obtained on two 
separate occasions, one each for training and testing the KNN algorithm. Both training and 
testing segments contained 10 s each for every behaviour, equivalent to 1000 and 2000 data 
points at 20 and 40 Hz respectively. The raw data for all three axis of acceleration pertaining 
to all 5 behaviours were combined in a single file and labelled for use as training data for the 
algorithm, and separate instances of the same behaviours were combined for testing data and 
behaviour labels stored for later verification of the results. Manual observation (human) or
video footage (captive animals) was used to find when each of the behaviours occurred, apart
from the cormorant, for which behaviours were identified manually (Gomez-Laich et al., 
2008; Shepard et al., 2008), a process made particularly robust since it used other sensor data, 
such as hydrostatic pressure, to help discrimination.
Results from the KNN analysis were then compared to the actual behavioural 
classification of the data in order to obtain overall accuracy. Following this, a minimum 
majority threshold was applied to the results. A minimum majority threshold represents a 
minimum value for the output prob, which if not reached, results in the KNN classification 
being discarded. Thresholds of 0.9, 0.8, 0.7, 0.6 and 0.5 were applied and accuracy, precision 
and recall were calculated (Powers, 2011). ‘Accuracy’ was defined as a measure of the 
overall proportion of correctly assigned data points, and was calculated as;
TN+ TP .accuracy = ------------------------- (3)
TN + TP+FN+FP
‘Precision’ was defined as the proportion of positive classifications that were correct, and was 
calculated as;
TPpreciscion = ----------  (4)
TP + FP
144
‘Recall’ was the proportion of data pertaining to behavioural modes that were classified 
correctly as positive, and was calculated as;
TPrecall =
TP + FN
(5)
RESULTS
All 5 behaviours were detected using the KNN method trialled on all species, except 
for the kangaroo which was not tested for the ‘Sit’ behaviour because its incidence was not 
discernible from the video footage. The minimum majority threshold that yielded the highest 
Accuracy, Precision and Recall differed between species (Table 2).
Highest Score
Accurac Threshol Precisio Threshol Recal Threshol
Species y d n d 1 d
Badger 0.71 0.9 0.95 0.9 0.99 0.5
Camel 0.82 0.6 0.90 0.9 0.99 0.5
Cormorant 0.77 0.7 0.87 0.9 0.99 0.5
Cheetah 0.77 0.7 0.90 0.9 0.97 0.5
Dingo 0.83 0.6 0.97 0.9 0.98 0.5
Kangaroo 0.91 0.9 0.97 0.9 1.00 0.5
Wombat 0.76 0.5 0.77 0.9 0.97 0.5
Human 0.95 0.5 0.98 0.9 1.00 0.5
Table 2; Highest values of performance measures for KNN on each species and the threshold values used to obtain 
them.
A detailed breakdown of the Accuracy, Precision and Recall scores for each species is 
given in the supplementary information (see Supplementary Table 1, Appendix 6). Generally, 
0.7 was the threshold that produced the greatest mean accuracy across all 8 species
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(mean=0.781 ±0.0948). The highest mean precision was observed when the minimum 
majority threshold was set to 0.9 (mean=0.902 ±0.145), and the highest Recall at 0.5 
(mean=0.984 ±0.012). In all species, increasing the minimum majority threshold resulted in a 
decrease in the proportion of the data that was classified (Table 3).
Proportion
Classed Accuracy Precision Recall
Species r P-value r P-value r P-value r P-value
Badger -0.974 0.005 0.963 0.009 0.981 0.003 -0.977 0.004
Camel -0.999 <0.0001 -0.947 0.015 0.998 <0.0001 -0.996 <0.0001
Cormorant -0.974 0.005 -0.767 0.13 0.996 <0.0001 -0.947 0.015
Cheetah -0.999 <0.0001 -0.841 0.74 0.995 <0.0001 -0.998 <0.0001
Dingo -0.998 <0.0001 -0.859 0.62 0.99 0.001 -0.994 0.001
Kangaroo -0.996 <0.0001 0.979 0.004 0.994 0.001 -0.948 0.014
Wombat -0.999 <0.0001 -0.998 <0.0001 -0.43 0.946 -0.999 <0.0001
Human -0.985 0.002 -0.851 0.067 0.995 <0.0001 -0.972 0.006
Table 3; Results of Spearman’s Rank Correlation between Minimum Majority Threshold value and the resulting 
performance measures.
Increasing the minimum majority threshold improved accuracy for the badger and 
kangaroo only and there was a negative correlation between threshold level and accuracy for 
camel and wombat (Table 3). Precision was improved for all species except in the case of the 
wombat when minimum majority thresholds were increased. There was a negative correlation 
between minimum majority threshold and Recall in all species (Table 3).
DISCUSSION
The purpose of this study was to illustrate that the KNN method could be used to 
identify automatically the behavioural modes of animals equipped with accelerometers
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recording at high sample rates, and that this approach is applicable for large, complex 
datasets. Our results show that animal behavioural modes can indeed be successfully 
identified automatically using the KNN method and that, with a mean Accuracy of 78%, they 
are comparable to results gained using more complex automated methods (Gao et al., 2013; 
Nathan et al., 2012a, see Appendix 2).
Despite the efficacy of machine learning algorithms for classifying animal behaviour 
automatically (Campbell et al., 2013; Gao et al., 2013, see Appendices 2 & 3; Nathan et al., 
2012a), we argue that the nature of'black box' algorithms, including the selection of 
numerous summary statistics, fogs the relationship between animal movement and 
behavioural classification (Baldi and Brunak, 1998; Lee et al., 2010). Other methods such as 
Sparse Representation presented by Liu et. al. (2012) alleviate the need for selecting 
summary statistics and indeed are purported to be more accurate than KNN when used to 
classify human activities. However, Liu et. al. (2012) were not explicit whether they 
implement a thresholding filter for KNN as introduced in the present study, but they report a 
much lower accuracy than that found for humans here (Table 2). It is also relevant that whilst 
Sparse Representation does not require manual selection of summary statistics by the 
researcher, the method selects features for analysis automatically and the relationship 
between data and their classifications are no less opaque than for other ‘black box’ 
algorithms. One of the strengths of the KNN method is its conceptual simplicity. Figure 2 
shows how, if raw acceleration values for each axis are plotted as a 3D scatter plot, the 
relationship between a data point's classification and its position in the 3D feature space 
becomes evident. Understanding this link between animal behaviours and the signals they 
Produce is important for interpretation, diagnostics, and elucidation of behaviours which 
might have been previously unknown.
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Figure 2; 3D Scatterplot showing raw tri-axial acceleration data for an Imperial cormorant 
(Phalacrocorax atriceps), data points are labelled by colour according to their behavioural classification. 
Red -  Ascent Phase of Dive, Green -  Bottom Phase of Dive, Blue -  Descent Phase of Dive, Purple -  Flight, 
Black -  Walking.
Successful implementation of the KNN method requires high quality training data. 
This training data must be manually classified in the first instance, and it must include 
sufficient examples of all behavioural modes expected during device deployment. As the 
KNN makes classifications based upon the position of the data within the 3D feature space 
(Figure 2), these areas must be sufficiently populated in the training data in order to ensure 
that accurate classifications are made. It is anticipated that complex behaviours, which 
include multiple postures or body orientations, may require more training examples in order 
to establish a sufficient density of data within the 3D feature space. Additionally, it is 
possible that undefined behaviours may be incorrectly classified, as KNN lacks the capacity 
to recognise novel behavioural modes (c.f. Gao et al., 2013, see Appendix 2; Martiskainen et
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al., 2009; Nathan et al., 2012b). In addition, the requirement for a period of observation to 
obtain training data may be problematic if few captive specimens are available e.g. the 
Ethopian wolf, Canis simensis (Gottelli and Sillero-Zubiri, 1992). In instances such as this, it 
may be possible to use similar species as surrogates in a manner similar to Campbell et. al. 
(2013, see Appendix 3). Despite these requirements, the KNN methods proposed in the 
present study has the potential to perform behavioural classification far faster and more 
objectively than manual inspection of acceleration data (Gomez-Laich et al., 2008; Shepard et 
al., 2008).
Not all recent studies on automatic classification of acceleration data make use of 
Accuracy as a sole measure of performance (e.g. Martiskainen et al., 2009), which makes 
comparisons between studies problematic. Selecting performance metrics is challenging 
because varying the minimum majority threshold has different effects for each species and 
metric (Table 2). The optimum metric for evaluation of classification algorithms is dependent 
on the questions being asked and the importance of the various parameters are highly study 
specific. For comprehensive consideration of this, the metrics are evaluated in Powers 
(Powers, 2011). Briefly, Accuracy takes into consideration all classification outcomes; 
including the true negative rate (/. e. data that are erroneously classified by the KNN is 
discarded because they do not meet the minimum majority threshold). It is a general measure 
of performance for the classification method and is a simple metric by which different 
algorithms may be compared. However, when thresholding is used Accuracy values can be 
high with few usable classifications made. This may occur if many incorrect classifications 
(produced by the KNN) are correctly discounted by the thresholding filter, resulting in few 
True Positive classifications but many True Negatives. As a result, this may not be the most 
effective performance measure for machine learning algorithms in the context of behavioural 
classification. Alternatively, Precision should be used, as it represents the proportion of
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positive classifications that were true. We argue that this metric is most appropriate because 
biological inferences are derived from the positive results (estimations of when behaviours 
occur) more often than negative ones. However, it is recommended that all three performance 
metrics are reported when novel classification methods are presented, in the interest of 
transparency and so that researchers can select methods based on the requirements of their 
studies.
One might assume that applying a minimum majority threshold of 0.9 would yield the 
best results because this is the threshold that consistently produced the highest Precision for 
all species (Table 2). This assumption must also be tempered with the consideration that 
applying a higher threshold results in more classifications made by the KNN being discarded 
(Table 3). For example, increasing the threshold for the wombat classifications from 0.5 to 
0.9 produced only a 0.3% increase in Precision, yet 37.7% less of the data set met the 
threshold to be classified (Table 3). This leads us to conclude that threshold levels should be 
selected according to species after a preliminary period of trial and error. We advocate 
collecting some additional data during the period of observed ground-truthing (required in 
any case to produce the training set) for this purpose prior to running KNN on data derived 
from wild individuals.
The KNN classification of the badger achieved the lowest Accuracy score of all 
animals tested in the current study. During visual observation, it was noted that the position 
of the collar on which the accelerometer was mounted altered position. It is possible that this 
movement may have produced appreciable noise in the accelerometer data through altering 
the orientation of the device when behaviours were performed. This change in device 
orientation would have produced a difference in static acceleration (Shepard et al., 2008) 
recorded. The total acceleration experienced by the accelerometer may be conveniently 
described as a product of both static acceleration, i.e. acceleration due to gravity, and
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dynamic acceleration, i.e. acceleration derived from the animal's movements (Wilson et al., 
2006). Thus, it is possible for the animal to perform the same movements or behaviour, but 
record different total acceleration values if the device orientation is not constant (Shepard et 
al., 2008; Wilson et al., 2008). This difference in raw values would explain the low 
accordance between training and testing data sets during KNN analysis for the badger. This 
example illustrates the importance of high fidelity in device orientation relative to animal 
orientation (Chapter 4, Gleiss et al., 2011; Wilson et al., 2008).
There appeared to be lower performance of the KNN for the wombat. It is possible 
this had occurred because there did not appear to be a significant visual difference between 
the 'walking' and 'running' gaits other than speed in this species. Thus, it is possible that the 
patterns of locomotion during these two gaits would have produced similar patterns of 
acceleration data, which would have been difficult to discern in the KNN feature space. 
Accordingly, for species where discernible differences in locomotory gaits are not apparent, 
we advocate grouping of gaits into a single 'locomotion' behavioural mode in order to 
improve the performance of the KNN.
KNN and the Movement Ecology ’Toolbox’
One movement ecology paradigm aims to explain animal movement phenomena by 
integrating optimality, cognitive, random and biomechanical paradigms for animal movement 
into a single framework (Nathan, 2008). However, one of the factors impeding advance here 
pertains to the practical difficulties of recording animal movements and quantifying the 
underlying motivations (Nathan, 2008). It is not trivial to produce new methodologies to 
address this. By developing methods to identify behavioural modes in free living animals, 
Nathan (2012a) argued that it was possible to infer links between the biomechanical, 
behavioural and ecological processes that drive animal movement, something which is
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impossible to do by recording location alone. Thus the development of a 'Toolbox' of 
methods, by which information can be collected on behaviour, location and environmental 
factors, seems particularly germane.
By using the KNN method set out in the present study, it is possible to elucidate behaviour 
automatically from data derived from tri-axial accelerometers with greater ease than 
previously developed methods. Putting this information into a positional context through the 
use of GPS telemetry (Cagnacci et al., 2010) or dead-reckoning methods (Chapters 3 & 4, 
Wilson et al., 1991) should provide further integration of the paradigms set out in Nathan 
(2008). Furthermore, the daily diary sensory suite proposed in Wilson et. al. (2008) also 
collects information on environmental conditions such as temperature and depth, as well as 
tri-axial acceleration (for use in KNN) and compass heading (for use in dead-reckoning), 
offering a means to study behaviour, location and environment with a single archival logger. 
Now that analysis methods such as that described in the present study offer an accessible 
means to link behaviour to animal position, this may be the start of a data rich era for 
movement ecology (Nathan, 2008).
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Chapter 7
Synopsis
Owen R. Bidder
Biologging techniques -  the state of playBiotelemetry methods have been developed 
primarily in order to overcome the limitations of our capacity to monitor animals visually 
(Ropert-Coudert and Wilson, 2005). Unsurprisingly, development of these methods and 
techniques has been driven predominantly by research on aquatic species (Ropert-Coudert 
and Wilson, 2005; Rutz and Hays, 2009). Examples of transducers and systems are many, 
and include pressure sensors (Kooyman, 1966), heart rate sensors (Woakes et al., 1995), 
satellite telemetry (Bengston et al., 1993), critter-cam (Marshall, 1998), accelerometers 
(Yoda et al., 1999) and gape angle sensors (Wilson et al., 2002), which were all pioneered or 
refined for aquatic species (Rutz and Hays, 2009). The urgency for novel methodologies for 
studies on aquatic species is understandable given that we, ourselves, are not aquatic and 
work using animal-attached solid state technology has correspondingly provided new insights 
into the lives of aquatic animals, and led to paradigm shifts in our understanding of fish, 
aquatic birds and marine mammals (Block et al., 2001; Cooke et al., 2004; Read, 2002; Yoda 
et al., 2001).
Conversely, the same biotelemetry technologies have been implemented far less 
frequently on terrestrial species (Arnold et al., 2004; Butler, 1989; Priede and Swift, 1993). 
This is partly because traditional ethology techniques can be used to observe animal 
behaviour directly (Lehner, 1979) and location data can be obtained by using other telemetry 
methods, most notably Very High Frequency (VHF) radio transmitters and the Global 
Positioning System (GPS), both of which are reliant on the transmission of radio waves to 
determine animal location (Cagnacci et al., 2010; Kays et al., 2011). These particular systems 
cannot be used in salt water, however, due to signal attenuation (Wilson et al., 1991b) and 
have limited range even in fresh water. However, systems that derive animal position make 
up only a proportion of total biotelemetry applications and, aside from biomedical studies, 
other forms of biotelemetry have not been applied to terrestrial species as often (Cooke et al., 
2004). Archival data loggers, particularly those equipped with accelerometers, are used less 
frequently on terrestrial species than on aquatic or volant species (Brown et al., 2013). Again, 
this is partly because visual observation is much easier in land animals (Ropert-Coudert and 
Wilson, 2005), but also because these devices must be retrieved before the data recorded by 
them can be analysed (Boyd et al., 2004). This can be surprisingly problematic for free-living 
terrestrial species (Cooke, 2008), often being less so for marine species that show high 
fidelity for colony sites (Aebischer et al., 1995; Pomeroy et al., 2000; Williams and Rodwell, 
1992). Perhaps this also helps explain the disparity between the numbers of studies describing 
energetic costs (utilising archival data loggers) of wild marine and terrestrial species (Brown
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et al., 2013). For example, only a single study has been undertaken that considers the 
energetics of a free-living terrestrial species by use of accelerometry (Halsey and White, 
2010).
Pressing issues for Movement Ecology
In Chapter 1, three pressing issues for Movement Ecology were identified. Here, these 
issues are revisited and evaluated with respect to the progress made within this body of work. 
It is evident that procedures in terrestrial biotelemetry need to be refined, particularly 
| with respect to device recovery, if terrestrial animal ecologists are to take full advantage of
| the technological developments achieved that have so changed our understanding of marine
!
| animals over the past two decades. The first pressing issue to be addressed within this thesis
I
| was how researchers should improve the overall success rate (defined as recovery of expected 
| data) during the deployment of biotelemetric devices. It is hoped that the novel procedure of 
undertaking Biotelemetry Event Trees (Chapter 2) will enable researchers of terrestrial 
animals to refine their procedures, and at the very least provoke the development of new 
equipment that will improve the likelihood of retrieving loggers from free-living individuals. 
This will undoubtedly benefit research on nomadic species where relocation and recovery 
may be difficult, or those that return to subterranean locations inaccessible to humans (i.e.
; setts, burrows and dens). In time, it is to be hoped that funding bodies and peer-review 
journals will adopt this method, and perhaps even require those researchers submitting to 
these organisations to implement Biotelemetry Event Trees as best-practice. This approach 
should increase the quality and quantity of data obtained and, importantly, enable us to put a 
‘price’ on some of the ethical issues of animal tracking using tags (c.f. Vandenabeele et al., 
2012; Vandenabeele et al., 2011; Wilson and McMahon, 2006). An important issue is the 
need to improve the method’s objectivity in order to facilitate use by the community. This 
could be achieved initially by surveying a large number of researchers to correlate the BET 
output with the eventual deployment outcomes. Such activity should go some way to 
establishing what may constitute ‘acceptable risk’ for the purposes of evaluating deployment 
procedures. In addition, further refinement may see the abandonment of the fuzzy logic 
approached employed in Chapter 2 in favour of using probability density functions as part of 
a Bayesian framework. This may help address the subjectivity issue by allowing the inclusion 
of expert confidence and other parameters within the model.
A similar methodological deficiency in biotelemetry studies of terrestrial animal fine- 
scale location existed prior to the undertaking of this thesis. The second pressing issue for
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Movement Ecology to be addressed in this thesis was the development of a method by which 
location data for terrestrial species could be calculated on a fine scale. Animal travel speed 
remains a key parameter in fine scale location calculation by dead-reckoning -  the only 
method that is purported to obtain such data at the required level of detail (Wilson et al., 
2008). However prior to the undertaking of this thesis, animal travel speed was difficult to 
calculate accurately for terrestrial species. Animal travel speed is an ecologically significant 
parameter in its own right (Janson and Di Bitetti, 1997; Vasquez et al., 2002), and has been 
studied extensively in the marine environment (Ponganis et al., 1990; Sato et al., 2003; Yoda 
et al., 2001). Speed in water can be calculated continuously with high resolution using
; biotelemetry methods. This is partly due to the permissive nature of the water as a medium, 
allowing the use of a range of mechanical mechanisms to detect flow speed (Hassrick et al., 
2007; Ropert-Coudert et al., 2006; Shepard et al., 2008b; Wilson et al., 1993). Prior to the
j
I undertaking of this thesis, studies of terrestrial animal speed assumed straight line travel 
between temporally infrequent VHF and GPS positions (Musiani et al., 1998; Pepin et al., 
2004), which is subject to inaccuracies when animals travel in highly tortuous paths 
(Rowcliffe et al., 2012). It is hoped that the method described in Section 2 will enable 
researchers of terrestrial species to obtain information on animal travel speed with much finer 
resolution, resulting in more accurate values for animal travel speeds and a better 
understanding of animal energetic strategies. In addition to this, the dead-reckoning
i procedure described in Chapter 5 will allow the re-evaluation of simplistic models for animal 
movements (such as Brownian Motion, Correlated Random Walks and Levy Flights; 
Bartumeus et al., 2005; Marell et al., 2002) that generalise animal movement as straight line 
travel interspaced by discrete turns at a constant rate (c.f. Johnson et al., 2008a). Given that 
animals are likely to adopt tortuous paths (Laundre et al., 1987; Pepin et al., 2004; Reynolds 
and Laundre, 1990), the current understanding of the relationship between animal travel 
distance, energetics, abundance and demographic processes are likely to be deficient 
(Rowcliffe et al., 2012). Dead-reckoning provides a means to record animal position at a rate 
higher than that of the ‘step rate’, which is fundamentally the rate at which animal route 
decisions take place (Rowcliffe et al., 2012). Providing a means for terrestrial ecologists to 
map animal paths in high resolution in this manner is likely to have profound consequences 
for the understanding of animal movement ecology (Hebblewhite and Haydon, 2010). Such a 
method has been demonstrated in marine environments (Shiomi et al., 2008; Wilson and 
Wilson, 1988; Wilson et al., 1991b), but Chapter 5 represents the first demonstration of dead- 
reckoning for terrestrial species. Two developments expected in the near future will influence
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the efficacy of dead-reckoning and its uptake by the research community. Firstly, advances in 
the development in the daily diary suite of devices must continue so that a GPS-integrated 
device can be made. Such a device will allow the synchronisation of time signatures for dead- 
reckoning data and the ground truth positions to which they are corrected. In turn, this will 
improve the efficacy of the method (see Chapter 5) and make it easier to implement. 
Secondly, the rate at which ground truth positions are required will need to be established for 
a range of species and habitats. These factors are likely to influence the rate of error 
accumulation and in turn the sampling requirements of ground truths are likely to differ. This 
could be achieved by reducing the sampling rate of ground truthing data (through sub­
sampling) and monitoring how dead-reckoning tracks respond. Such work will be important 
in establishing dead-reckoning as an accepted methodology in Movement Ecology and insure 
that the locations calculated are robust and accurate.
The emerging movement ecology paradigm calls for integration of numerous 
components of organismal movement to form an eclectic and holistic understanding of how, 
when, where and why organisms move (Nathan et al., 2008). Behaviour forms a fundamental 
component of animal ecology and is key for understanding the adaptive significance of 
animal life history strategies (Brown et al., 2004; Tinbergen, 1963). Thus, key to the 
understanding of animal movement ecology is concurrent measurement of animal behaviour 
and location. The third pressing issue addressed in this thesis was how researchers could 
automate the detection of behavioural signals in accelerometer data. Such developments are 
key in light of the ever increasing sampling capabilities of these devices. Visual observation 
offers a means to measure the behaviour and movements of free-living animals (Martin and 
Bateson, 2007) but it is labour intensive. In addition, it is possible that the presence of 
researchers in the environment may perturb animal habits, as many animals are known to 
avoid areas due to human disturbance (Burger, 1981; Gander and Ingold, 1997; Gill et al., 
1996; Klein et al., 1995; Reijnen et al., 1995; Stalmaster and Newman, 1978; Sutherland and 
Crockford, 1993; Tuite et al., 1984). Again, biotelemetry techniques offer a means to measure 
animal behaviour remotely and avoid such perturbation (Cooke et al., 2004). Behaviour can 
be inferred from the incidence of movement and accelerometers in particular have shown 
great promise as a means to monitor animal behaviour remotely (Kato et al., 2006; Tanaka et 
al., 2001; Yoda et al., 1999). The principles for manual interpretation of acceleration data are 
set out in Shepard et. al., (2008a) and have been implemented extensively for aquatic species 
(Fahlman et al., 2008; Fossette et al., 2010; Gleiss et al., 2010; Gomez-Laich et al., 2008; 
Whitney et al., 2010; Wilson et al., 2010). However, modem accelerometers are now able to
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record at very high sampling rates (Wilson et al., 2013) and so manual interpretation of this 
data can be arduous, particularly when deployment periods are long. This has led to the 
development of novel analysis methods (see Chapter 6 for review), such as thresholding 
(Moreau et al., 2009), cluster analysis (Sakamoto et al., 2009) and machine learning 
algorithms (Martiskainen et al., 2009). However, the complexity of such methods has not led 
to great resonance within the tagging community, aside from the research teams that develop 
them (c.f. Campbell et al., 2013; Gao et al., 2013; Nathan et al., 2012). Descriptions of
i animal behaviour derived from accelerometers are often limited to coarse description of|
I activity patterns rather than the incidence of specific behaviours or postures (e.g. Noonan et 
al., 2014). Chapter 6 details the development of a novel analysis method for identifying 
behavioural modes in acceleration data that is conceptually simple and easily implemented 
with the freeware program R (R-project, University of Auckland). The method is illustrated 
I on terrestrial species, and so it is hoped that such a method may accelerate uptake of 
accelerometry techniques by researchers of terrestrial animal ecology. The 78% average 
accuracy reported across all species tested in Chapter 6 is comparable with other, more 
; complex, methods (Gao et al., 2013; Nathan et al., 2012). For some species the accuracy was 
higher still, suggesting the method may be more effective in certain taxa (Chapter 6). What 
remains to be established is the particular training with respect to data requirements for 
effective implementation of the KNN method. These requirements may differ depending on 
behaviour and species, and may explain the differential accuracy recorded. As these 
I requirements are established, effective communication and sharing of best practices between 
researchers will be essential if the KNN method is to become a viable and established 
alternative to other methods for classifying acceleration data automatically. However, once 
they are established, great potential exists in applying the KNN method to large archives of 
acceleration data obtained from a great number of species to detect rare or short lived 
behaviours. Such data banks are the result of diverse prior deployment efforts within 
individual research groups (see Wilson et al., 2008) and large collaborative research 
initiatives such as Movebank (Kranstauber et al., 2011).
The Movement Ecology Toolkit: Future directions
The Movement Ecology paradigm calls for new methods which enable sequential 
positions to be combined with information on behavioural state in order to understand why 
and how animals move (Holland et al., 2009; Nathan et al., 2008). This can now be achieved 
through a combination of the methods described in Sections 2 & 3, which represent a novel
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Movement Ecology toolkit. It is hoped that these new methods for obtaining high resolution 
data in this manner will trigger the start of the data-rich era in Movement Ecology research 
(Dodge et a l, 2013; Nathan et al., 2008).
Such a toolkit opens up exciting avenues for research which were previously 
inaccessible to terrestrial animal ecologists in particular. In marine species, the use of dead- 
reckoning is more established and has made possible numerous investigations. For example, 
Blainville’s beaked whale echolocation and prey capture behaviour was studied in detail 
using dead-reckoning, revealing a corkscrew like approach strategy and different dive 
profiles depending on prey type (Johnson et al., 2008b). For terrestrial animals, such detailed 
study of prey capture are lacking, save for one recent study on African cheetah that made use 
of high resolution GPS (Wilson et al., 2013), which have high power requirements, limiting 
deployment length. The dead-reckoning methodology should provide a means to conduct 
these types of analyses over much longer periods. Miller et. al. (2009) used dead-reckoning to 
investigate the responses of sperm whales to anthropogenic disturbances. This also promises 
to be a fruitful avenue for terrestrial research, as many studies investigating the effect of 
anthropogenic disturbance on terrestrial animals have tended to be derived using a much 
coarser scale (Berger, 1991; Dyer et al., 2001; Frid and Dill, 2002; Ordiz et al., 2013). 
Developments of terrestrial movement ecology methods are important if there is to be parity 
with our understanding of marine species.
Optimal foraging theory dictates that animals should manage their energetic economy by 
maximising intake whilst limiting expenditure (Pyke, 1984; Stephens et al., 2007). However, 
not all areas are equally profitable when they induce differential cost of transport (Wilson et 
al., 2011). In turn, variations in profitability exist according to landscape-wide and fine-scale 
environmental heterogeneity (Leshem and YomTov, 1996; Wilson et al., 1991a). For 
example, it’s possible that certain substrates induce different cost of transport (Rubenson et 
al., 2006; Wall et al., 2006). However, little consideration has been given to this (c.f. Wall et 
al., 2006) prior to the proposal of the energy landscape paradigm by Wilson et. al. (2011). In 
addition, these differences in cost of transport are not always fixed, but differ according to 
time and climate (Shepard and Lambertucci, 2013; Shepard et al., 2013). In addition to 
foraging requirements, variation in temperatures between micro-climates can necessitate 
changes in space use for thermoregulation (Crowther et al., 2014). There is significant 
evidence to show that variations in cost of transport can necessitate changes in movement 
patterns (Hirsch et al., 2013; Wilson et al., 2011). Landscape wide variations are
163
progressively being studied (Shepard et al., 2011; Valeix et al., 2010; Wilson et al., 2011) but 
fine scale variation is far less so (Sapir et al., 2010; Shepard et al., 2013; Wall et al., 2006). 
Habitat is likely to differ throughout succession (Marteinsdottir et al., 2010; Searle et al.,
2010) and between seasons (Walter et al., 2009), so even the same geographical area can 
effectively differ in energy landscapes over time and thus profitability for animals moving 
through it accordingly. This has significant implications for species that adopt territoriality as 
a strategy and remain in the same area and raises the interesting question of how species 
overcome this variation to ensure that territories remain viable? This question is yet to be 
addressed but the use of pathways (e.g. Blake and Inkamba-Nkulu, 2004; Ganskopp et al., 
2000; Guiler, 1958; Jamon, 1994; Senft et al., 1987) may offer a mechanism by which 
resident animals counter act the increase in cost of transport associated with vegetative 
growth because pathways have a reduced cost of transport (Davidson et al., 2013). It seems 
possible therefore, that this explain why territorial animals, such as the European badger 
(.Meles meles), frequent the same paths when travelling between resources (Kruuk, 1978; 
Roper et al., 1986). This certainly may have implications for recolonizing species if animal- 
derived features such as pathways have degraded after a period of absence, altering the 
viability of some territories. This is a pertinent issue for endangered species conservation as 
relocation is a common conservation practice (Minteer and Collins, 2010). The methods 
described within this thesis will hopefully help the investigation of issues such as these 
because multi-sensor data loggers can record location and energy expenditure (and hence 
derive cost of transport) through accelerometery (Mosser et al., 2014). In addition, the 
adaptive significance of movements can be evaluated by looking at which behaviours are 
performed where, including important behaviours such as prey capture (Amano and 
Katayama, 2009; Wilson et al., 2007).
Concurrent data on behaviour and location -  an example
Scent marking is an important, widespread, but poorly understood form of cheat-proof 
olfactory communication in mammals (Gosling and Roberts, 2001). Currently, the majority 
of research on this phenomenon focuses on captive animals (Hurst, 1993; Nunez and de 
Miguel, 2004) or wild individuals of relatively few species (e.g. Mech, 1970). These wild 
studies must rely on manual tracking (Whitten et al., 1980), and scent marks can only be 
detected when they are conspicuously deposited, in snow for example (Henry, 1979; 
Jorgenson et al., 1978). However, this method limits research to species that occupy areas of 
significant snowfall, which precludes research in arid and urban areas and prohibits research
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into seasonal variation in scent marking behaviour. Utilising the suite of novel Movement 
Ecology methods introduced in this thesis it may be possible to rectify this situation and 
provide new insight into this highly important aspect of mammal ecology. The archetypal 
Teg up’ posture used by many canids to perform scent marks (Ewer, 1973; Jorgenson et al., 
1978; Kleiman, 1966; Mech, 1970) could effectively be detected using an accelerometer and 
the k-nearest algorithm described in Chapter 6, and the position of these marks could be 
determined with dead-reckoning as described in Chapter 5. The position and spacing of scent 
marks has important implications for the energetic profitability of such a territorial strategy 
and merits further investigation (Gosling and Roberts, 2001). Increasing the distance between 
scent marks decreases the number of scent marks that must be maintained, but increases the 
probability of a costly encounter with an intruder as scent marks may not be detected 
(Gosling, 1986). The profitability of scent marking strategies may differ according to 
influences such as climate that may cause signals to deteriorate at different rates and perturb 
the energetic investment required for their upkeep (Gosling, 1981; Gosling and Roberts, 
2001) resulting in geographical and seasonal variations in scent marking strategies. 
Accelerometers provide a means to investigate the energetic costs of scent marking strategies 
(Halsey et al., 2008; Halsey et al., 2009) and how animals balance this activity with the need 
to forage for food (Gosling and Roberts, 2001). This investigation serves as only an example 
of the possible applications of the methods described within this thesis. With creative 
thinking, they can be applied to numerous questions in terrestrial ecology and have the 
potential to revolutionise our approach to research in this field. Such a novel toolkit offers a 
perfect storm of research opportunities, limited only by our ability to apply these new 
approaches in innovative ways. If we can do that, then exciting new insights into the lives of 
animals are within reach.
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APPENDIX 1
Turn costs change the value of animal search paths
R. P. Wilson, I. W. Griffiths, P. A. Legg, M. I. Friswell, O. R. Bidder, L. G. Halsey, S. A.
Lambertucci, E. L. C. Shepard
R. P. Wilson and E. L. C. Shepard conveived of the study. O.R. Bidder was responsible for 
designing and undertaking the respirometry study on human subjects in conjuction with R.P.
Wilson and L. G. Halsey, and contributed to the writing of the manuscript, which was 
undertaken by R. P Wilson and E. L. C. Shepard. I. W. Griffiths, P. A. Legg and M. I. Friswell
performed theoretical modelling and simulations.
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ABSTRACT
The tortuosity of the track taken by an animal searching for food profoundly affects 
| search efficiency, which should be optimized to maximize net energy gain. Models examining 
t^his generally describe movement as a series of straight steps interspaced by turns, and implicitly 
assume no turn costs. We used both empirical- and modelling-based approaches to show that the 
energetic costs for turns in both terrestrial and aerial locomotion are substantial, which calls into
I
question the value of conventional movement models such as correlated random walk or Levy
j
walk for assessing optimum path types. We show how, because straight-line travel is 
energetically most efficient, search strategies should favour constrained turn angles, with
|
uninformed foragers continuing in straight lines unless the potential benefits of turning offset the 
cost.
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INTRODUCTION
A prime driver behind animal movement is the acquisition of resources (Pyke, 1984) 
-where the form of the track taken with respect to the distribution of the food will profoundly 
.affect foraging success (Pearce-Duvet et al., 2011). This premise has led to burgeoning studies 
examining the value of particular movement strategies, such as Brownian motion, Correlated!
Random Walk and Levy walk, with respect to maximizing prey encounters with variously 
distributed food sources (Schlesinger, 2009; Viswanathan et a l, 2008). Optimal foraging theory
[
predicts that movement strategies should result in animals maximizing the net gain of the 
resource, usually energy (Stephens et al., 2007). Yet while this specifically requires energy 
expenditure to be pitted against energy acquisition, movement strategy studies rarely consider 
how energy expenditure might relate to the details of the movement (Shepard et al., 2009). 
Instead, they implicitly assume the rate of energy expenditure during search to be constant, a 
concept supported by studies showing how animals often search for food at a constant (and 
lowest possible) cost of transport (Culik et al., 1994). Typically therefore, the perceived cost of 
movement, which is commonly described by variable step lengths interspaced by turns 
(Bartumeus et al., 2005), using poorly resolved data compared to the turn radius of animals, is 
quantified by simply summing step lengths over time between prey encounters as a linear proxy 
for cost (Schmidt-Nielsen, 1972). This ignores any cost associated with the turns, implicitly 
assuming them to be negligible. Given that the frequency and extent of turns are pivotal in 
describing search strategy (Janson and Di Bitetti, 1997; Vasquez et al., 2002), their cost should 
be investigated explicitly. Newton’s first law of motion states that the velocity of a body will be 
constant unless acted upon by an external force, implying that, in a homogeneous energy 
landscape (sensu Wilson et al., 2012), all animals require extra energy to turn, whether 
terrestrial, volant or aquatic (e.g. Usherwood et al., 2011). Based on this, we hypothesize that, 
unless animals can use environmentally provided energy (c.f. Shepard et al., in press), turns 
within movement paths will constitute an appreciable cost for movement strategies, with costs 
escalating with increasing frequency and extent of turns. In this work, we examine this by 
measuring turn costs in a terrestrial animal and modelling them in a flying animal, before 
considering the implications these costs have for our understanding of optimization of all animal 
movement strategies.
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MATERIALS AND METHODS
Measurement of the costs of turns in humans
Empirical data on the costs of turning in a terrestrial mammal were collected using 10
.human participants. They were equipped with a portable respirometer (Oxycon mobile, Viasys,
!
Germany) for measuring rate of oxygen consumption, walking at a fixed speed on a standard 
surface, interspacing defined straight stretches traced on the ground, with turns of specified
I
angles, with equal numbers of left- and right-hand turns. There was no prescribed protocol for
i
the turns, which took a negligible time compared to the walking between turn phases and 
appeared virtually instantaneous. Each participant undertook 5 walking and turning conditions, 
randomly assigned in order, each of which consisted of 5 m straight walking stretches 
interspaced with prescribed turns corresponding to 0, 45, 90, 135 or 180°, according to condition 
number. Speed was maintained constant (at 1.67 m/s (c.f. Witte and Wilson, 2012)) using a 
digital, auditory metronome to sound once half-way between turns and once on turns. All 
participants continued in each trial until rate of oxygen consumption ( ^ a )  had stabilized for at 
least 60 seconds (usually after 3 minutes). Mean *0% values defining energy expenditure for 
each trial were taken from the last 60 seconds.
Derivation of the costs of turning in a flying animal
The metabolic cost of flight is problematic to measure directly but conceptual design 
models for aircraft have powerful predictive capacity (Anderson, 2008; Pennycuick, 2008). 
Specifically, the energy required for a turn (above that of straight and level flight) can be derived 
from the increase in drag that would result if a flying animal were to maintain altitude and speed 
while banking. We adopted this approach using a gliding bird, the Andean condor Vultur 
gryphus, as our model. Thus, this approach first calculated the lift and the drag of a condor 
travelling in a straight line in terms of its speed and wing area. The increase in lift necessary to 
correct for the angled wings during a banked turn of defined radius was then calculated and this 
increased lift was then defined by the resultant increased drag on the bird. Finally, from this, we 
derived the increased energy necessary to compensate for it (see supplementary information).
Costs of transport in defined movement types
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We used the information on the cost of turning from our flying model to examine its 
effect on the cost of movement in a correlated random walk (CRW), a diffusive movement 
model that nicely represents random search patterns by many animals, where the previous step 
direction influences the direction of the following step (e.g. Dickson et al., 2005 and refs 
therein). First, we subjected CRW with fixed step lengths to increasingly constrained turn angles 
between steps to examine how turn angle related to power use and the cost of transport, deriving 
mean values from 100 runs per scenario. Second, we created two cases of CRW, each case with 
the same diffusion D coefficient and overall distances travelled, but one case consisting of short 
steps and small turns and another with long steps and large turns, to compare power use and 
costs of transport for the two scenarios. As CRWs are diffusive walks (for correlation r< l), the 
expected net squared displacement from the starting point after a given time T is asymptotically 
equal to 407". The diffusion coefficient D is related to path sinuosity S and mean movement 
speed V by: D=V/S2 (Benhamou 2006). When V does not vary across CRWs, then D only 
depends on S, which is a combination of step lengths and turn distribution parameters 
(Benhamou, 2004):
where E(f) is the mean step length, b is the coefficient of variation of step length, and c and 5 are 
the mean cosine and sine of turns, respectively (the directional correlation is given by 
r=(c2+s2)0'5). When right and left turns are balanced (5=0) and the step length is constant (E(l)=p, 
b=0), S becomes:
In this framework, it is therefore easy to design CRWs with quite different step lengths and mean 
cosine of turns, but showing the same sinuosity and thereby the same diffusion coefficient. For 
instance, if the step length of a CRW with mean cosine of turns c is taken as pc, a non-correlated 
RW (CRW with c=0, i.e. constant discrete step Brownian motion) can be designed with the same 
sinuosity (and diffusion) by setting: Po=pc(l+c)/(l-c). Note that in the more usual case, where 
step length is not constant but is drawn from an exponential law with mean E{1) (b= 1), one gets
- 0.5
(2 )
E(f)0=E(f)c/(\-c)
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Costs of transport in an example soaring bird
We used data from a GPS-corrected, dead-reckoned condor track (see Shepard et al.,
2011) described by points separated by 0.17 s in time which, at a flight speed of ca. 15 m/s 
(Shepard et al., 2011), equates to straight-line sections of about 2. 5 m, and progressively 
decreased resolution by increasing the time intervals for positional fixes to one fix every 83 s. 
We then used the values predicted from our flight model (see above) to calculate the power used 
and the cost of transport (COT) incurred during the track in relation to the different step lengths 
to have an explicit test of the above phenomena in a wild animal.
RESULTS
The empirical data on humans showed that turn costs are substantial and are linearly 
related to turn angle (Fig. 1). For example, a single 180° turn cost the same as walking at 1.67 
m/s for 5.88 m in a straight-line. Although greater extents of turns were clearly related to higher 
oxygen consumption, it was not clear how the angular velocity of turns varied with turn angle 
and whether angular velocity, which was most likely to have been higher in the more substantive 
turns, contributed to the costs of turning. The modelled bird results showed similar trends, with 
energy consumption being 2.58 J/° of turn over and above that required for straight line travel. In 
this latter case, a 180° turn equated to 20.7 m of straight line travel (assuming a turn radius of 
27.8 m and a glide speed of 16.5 m/s).
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Figure 1; Oxygen consumption in humans (+ SEM) during walking and turning as a function of turn angle. 
The gradient of the regression represents the costs of turning since both walking speed and distance between 
turns are constant
These turn costs markedly affected the cost of movement in theoretical random walks. 
Any turns increased costs of transport, with greater turn angles being resulting in greater costs of 
transport (Fig. 2) and the costs of transport increased overall with decreasing step length (Fig. 2). 
Our two cases of CRW for both humans and birds with simulated equivalent diffusion rates 
(diffusion distance was approximately equal between Brownian motion (±180°) at a step size of 
1, and a correlated random walk (±18°) at a step size of 0.008) had power uses and COTs that 
were approximately 96 and 143 times higher with high turn frequency than with low turn 
frequency, respectively, for both the human and bird.
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Figure 2; Mass-specific cost of transport (COT) as a function of increasing angles allowed 
in turns (in 16 deg increments) for derived correlated random walks executed by a walking 
human (black lines) and an Andean condor (grey lines) with varying step lengths (1, 5 and 
25m between turns, represented by continuous, dashed and dotted lines respectively). For 
the bird, energy values were derived from a model (see text) while human values were 
derived empirically (see text). In the latter case, the conversion from oxygen consumption 
(see Figure 1) to energy was taken to be 1 L 02  = 20.92 kJ (Franks B, Howley ET (1998) 
Fitness Leader’s Handbook. Champaign: Human Kinetics Publishers).
Finally, the high resolution data (measurement intervals of 0.17 s) of the extended flight 
track (72 mins) of a free-living Andean condor clearly showed the changes in flight trajectory 
associated with the exploitation of thermals where birds gain height (Shepard et al., 2011),
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this was not obvious in the low resolution data (measurement intervals of 83 s) (Fig. 3).
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Figure 3; The movement of a free-living Andean condor during a 72 min flight exemplified 
by different time resolutions of the path, at intervals of (a) at 0.17s and (b) 83 s. Insets show 
how the fine detail of the track, such as circling in thermals, is lost, (c) shows the calculated 
power requirements (grey line) and costs of transport (black line). Note how both the 
apparent distance travelled and total angle turned decrease with decreasing resolution 
although there are marked differences in the relative change between them which account 
for the patterns observed in power and cost of transport.
The resolution of position played an important role in defining apparent movement costs 
(Fig. 3). As temporal resolution of step length decreased from 0.17 to 83 s, the apparent distance 
travelled decreased from 43.3 to 28.1 km (a 1.5-fold difference) and the total angle turned (the 
sum of all turns) decreased from 4923 to 55 radians (a difference of 89-fold) (Fig. 3c). Both have
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implications for derived values of transport costs with the consequence being that the apparent 
power use decreased from 62.54 to 36.11 W/kg while COT decreased from 3.7 to 2.14 J/kg/m 
(both representing a 1.7-fold difference) (Fig. 3d). Turn angles displayed by the condor during its 
flight had a clear mode at in the bin of 0-10° (Fig. 4) although virtually all turn angles in excess 
of 60° were associated with the exploitation of thermals, and therefore gain in potential energy 
(Fig. 4) (Shepard et al., 2011). There was no such apparent advantage for turns at angles of less 
than 60° (Fig. 4).
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Figure 4; The frequency of turn angles for a single Andean condor flight of 72 min. The 
bird sometimes gained altitude by circling in thermal up draughts (series indicated in 
black). Such times were typified by high angular changes as the bird gained an energy 
resource (here potential energy) (Shepard et. al. 2011), in contract to the relatively straight 
glides between thermals (series in grey) where altitude was lost.
DISCUSSION
This work demonstrates unequivocally that the costs for turning constitute an appreciable 
fraction of animal movement costs. Newton’s first law of motion, noting that the velocity of a 
body will not change unless subject to an external force, indicates why this is so. Two factors
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may explain the general disregard for this among biologists: One is that there are occasions 
where animals may turn without investing energy because there is external energy from the 
environment, such as a downward slope or rising air (see Shepard et al., in press for a synthesis 
of this). Indeed, animals, especially flying birds which operate in a particularly variable energy 
landscape, presumably balance the costs of straight-line travel and turning with minimized costs 
of travel according to the availability of external, environmental energy (Shepard et al., in press). 
Second, that determination of animal movement costs, which is conventionally undertaken using 
gas repirometry on subjects on a treadmill (e.g. Halsey et al., 2009) or in a water flume (e.g. 
Wikelski and Cooke, 2006), is challenging enough without considering a protocol that somehow 
incorporates turns. Carefully constructed experiments using gas respirometry on animals in a 
maze may provide a methodology, as may, for example, heart rate metrics from logger-equipped 
wild animals (c.f. Green et al., 2009) where turns can be resolved at fine scale. Similarly, in 
gliding birds such as the condor, logged data on turn angle can be examined with respect to sink 
rate in still air to derive loss of potential energy values. Currently, however, to our knowledge, 
only one study has ever explicitly documented turn costs, that of Minetti et al. (2005), who found 
that 15% of the costs of athletes running up skyscrapers was attributable to stairwell turns, 
although some studies, such as that of Usherwood et al. (2011) consider turn costs to be 
substantial.
Movement is pivotal in defining the way animals operate, and incorporation of turn costs 
should help explain patterns of movement-related phenomena from time scales ranging from 
seconds to lifetimes. Turn costs may help clarify, for example, why small prey pursued by large 
predators, such as gazelle fleeing from cheetah, tend to use sharp turns (Cooke, 2008) while large 
prey fleeing from multiple small predators, such as some baleen whales from killer whales, or 
moose from wolves, appear to try and outrun them (Handcock et al., 2009; Saunders et al.,
1993). At larger scales, incorporation of turn costs within models of animal search strategies will 
profoundly affect what is considered to be energetically optimal. Indeed, although our work does 
not attempt to relate movement costs to gain (such as energy gain in food) or to the energy 
landscape (Shepard et al., in press), it does show that overall movement costs depend on the 
scale at which movement is considered, with power use and costs of transport tending to increase 
with finer resolution of movement, irrespective of whether that movement is model-based (Fig 
2), or derived from wild animals (Fig. 3). Thus, particular movement strategies, such as Levy
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walk, which are considered to be scale invariant (Viswanathan et al., 1996), cannot be considered 
for optimality with regard to net energy return (Viswanathan et al., 2008) unless the step 
resolution allows for the sum of the calculated angles within the track to approach the real 
angular sum. This premise is acceptable since the costs for turns are a linear function of turn 
angle (Fig. 1). In fact, an important outcome of this work is the finding that it is clearly not 
enough to consider step length distributions and random turn angles between steps as measures 
of animal search patterns (Ramos-Femandez et al., 2004). Rather, workers should explicitly 
determine the distribution of turn angles between steps (Ramos-Femandez et al., 2004) to enable 
strategy-based costs to be determined, and to determine associations between turn angles and 
step length to help understand why animals exhibit the patterns they do.
We suggest that animal turning be viewed within the same context as any other behaviour 
within an optimized framework; that moving animals should only incur the extra costs that 
turning incurs if the benefits for so doing outweigh them. Thus, foraging animals should only 
turn if this increases the probability that they will find food relative to the straight line strategy. 
More acute turns would indicate more compelling reasons to execute the turn, based on 
information, so that such acute turns would tend to be clustered in time and space, as we 
observed in the condor track. Indeed, examination of the extent to which turn angles are clumped 
may help researchers identify areas of interest (Weimerskirch et al., 2007), something that is 
very different from the supposed random turn angle premise applied at the end of each defined 
step in many modelled movement scenarios (Bartumeus et al., 2005; Viswanathan et al., 1999).
Authors considering movement patterns are generally constrained to work with positional 
data from animals at rather coarse spatial scales (e.g. Viswanathan et al. 2008), where step 
lengths are a convenience for quantifying movement between defined positions, irrespective of 
the track tortuosity between positions. Our work points to the dangers in this and even implies 
that fine-scale resolution of animal movement may reveal straight-line tracks, punctuated by 
turns based on decisions where animal-based energy costs of the turn are outweighed by the 
gains, such as increased likelihood of acquisition of food, or that external, environmental energy 
may diminish, negate or even reduce energetic costs, such as occurs in condors exploiting 
thermals (Shepard et al. 2011). Recent technological innovations (e.g. Wilson et al. 2008) will 
clarify this shortly. In the meantime, we suggest that, in contrast to viewing e.g. Brownian 
motion, CRW or Levy walk as fundamental search strategies for foraging animals (e.g. Marell et
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al., 2002; Sims et al., 2008; Van Hensbergen and Martin, 1993), they are actually an emergent 
property as a result of decisions to turn at particular times based on sensory or memory-based 
information (Moore and Kennedy, 1985). The greater question might be how the hierarchy of 
information available to foraging animals, primarily through sensory systems (Hays et al., 2003; 
Nevitt, 2008), leads to the patterns we observe. Indeed, we predict that future work adopting this 
approach will be able to marry the concept that animals react to their environment better using a 
series of biologically meaningful rules to apparent movement models rather than assuming that 
somehow animals adopt such models as a general solution.
Supplementary Information
Derivation of the costs of turn in a flying animal.
Birds, and other flying objects, require power to overcome the energy dissipation due to the 
aerodynamic drag. For powered flight this propulsive power is typically provided by flapping 
(Rayner 1999). In gliding flight, this power is provided by the loss in height (i.e. a loss in 
gravitational potential energy) and the induced glide angle ensures that a component of the bird 
weight gives the force to oppose the drag (Tobalske 2007). The objective of the following 
analysis is to estimate the increase in drag resulting from a turn (based on a given horizontal 
flight velocity) and express this as the potential energy lost, relative to that in straight and level 
flight (Ravmer 2006; Pennycuick 2008). For simplicity, the analysis will be based on the gliding 
flight of an Andean condor (Vultur gryphus). This species was selected due to the availability of 
high-resolution data on the turn angles of gliding condors, morphometric data for adult birds 
(allowing estimation of flight parameters using the freeware ’Flight’, Pennycuick 2008) as well as 
data on glide angles, which match model predictions closely at around 3.5° (McGahan 1973). 
Such small glide angles allow the analysis of the banked turn to be decoupled from that of the 
forward flight (Norberg et al. 2000). and hence a relatively straightforward treatment of the 
issue. Our model details the scenario for a bird gliding in still air, so as to define the drop 
associated with a turn in the absence of e.g. up-draughts (which condors use as a source of 
external energy to mitigate altitude drops -  Shepard et al. 2011). Birds may also flap to mitigate 
altitude loss during turning in which case the costs of the turn are paid by internal (muscle) 
energy.
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During straight flight at constant altitude, the lift generated by the wings balances the 
weight of the animal, and the thrust balances the drag. The lift, L, and drag, D, may be written in 
terms of their respective coefficients, CL and Co, as;
L = \\] V 2SCl and D = [^](1)
where p is the air density, V is the bird velocity, S is the wing area and Q  the lift coefficient, 
which is mainly affected by the angle of attack of the bird wing to the airflow (Pennycuick 
2008). The drag coefficient may be written as;
q , = cD0 + KC\ (2)
where CDq is the parasite drag coefficient and consists of profile, friction and pressure drag
contributions (e.g. Pennycuick 2008). The KCL term is the lift-induced drag term, where the 
constant K depends on the lift distribution of the wing (Anderson 2008) and is often 
approximated by 1.1 (where 1 would represent a perfect elliptical load distribution, Pennycuick 
2008).
For a given bird weight, W=mg, where m is the mass of the bird and g  is the acceleration 
due to gravity, equilibrium in the vertical direction (L=W) implies that (by solving Eqs. (1) and 
(2) to eliminate Cf)\
2
D = iD  V^SCm * — ^ . (3)
For a level turn, where velocity is constant, the lift, L, must be increased to maintain equilibrium 
in the vertical direction. Thus,
L cos (f) — W — mg (4)
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where (f) is the bank angle (Anderson 2008; Pennycuick 2008). Increased lift at a fixed velocity 
requires an increased lift coefficient, usually obtained through an increase in angle of attack. The 
increased lift required during the turn will increase the drag of the bird, and hence increase the 
energy required.
Several factors limit the maximum lift, often given as the load factor, n, which is the ratio 
of lift to weight (L=nW). Writing the lift in terms of the load factor n, the drag is given by;
Since n= 1 in straight and level flight (or here in gliding flight with a small glide angle), the 
increase in drag is;
Thus, the increased energy, AE, above that required for straight and level flight, to turn through 
an angle of 6 (in radians) is;
We calculated the drag force on the bird during a flight consisting of straight sections
with a fixed angle of bank and set flight speed). The associated energy requirements were
measured from an adult female condor), K = 1.1 (the default value in ‘Flight’), R = 27.8 m and V 
= 16.5 m/s (the best glide speed), as estimated for the same bird using ‘Flight’.
(5)
(6)
since n2 □ 1 =  -r— Q1 = tan2 □
cos“ □
f  V
(Pennycuick 2008).
AE = AD{R0)=
iPSR (?)
separated by curved turning sections (where the extent of the turn was a function of time spent
calculated using equations 5, 6, and 7. The input parameters were; m = 10.5 kg, S = 1.02 m (as
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Derivation of the costs of turn in a flying animal.
Birds, and other flying objects, require power to overcome the energy dissipation due to 
the aerodynamic drag. For powered flight this propulsive power is typically provided by flapping 
(Rayner, 1999). In gliding flight this power is provided by the loss in height (i.e. a loss in 
gravitational potential energy) and the induced glide angle ensures that a component of the bird 
weight gives the force to oppose the drag (Tobalske, 2007). The objective of the following 
analysis is to estimate the increase in drag resulting from a turn (based on a given horizontal 
flight velocity) and express this as the potential energy lost relative to that in straight and level 
flight (Pennycuick, 2008; Raymer, 2006). For simplicity, the analysis will be based on the 
gliding flight of an Andean condor {Vultur gry’phus). This species was selected due to the 
availability of high-resolution data on the turn angles of gliding condors, morphometric data for 
adult birds (Pennycuick, 2008)and data on glide angles, which match model predictions closely 
at around 3.5° (McGahan, 1973). Such small glide angles allow the analysis of the banked turn to 
be decoupled from that of the forward flight (Norberg et al., 2000), and hence a relatively 
straightforward treatment of the issue.
During straight flight at constant altitude, the lift generated by the wings balances the 
weight of the animal, and the thrust balances the drag. The lift, L, and drag, D, may be written in 
terms of their respective coefficients, Q  and Co, as;
V2SCland D = \[(I)
where p is the air density, V is the bird velocity, S is the wing area and Q  the lift coefficient, 
which is mainly affected by the angle of attack of the bird wing to the airflow (Pennycuick, 
2008). The drag coefficient may be written as;
C D  = Q)0 + K C \  (2)
where C ^ q is the parasite drag coefficient and consists of profile, friction and pressure drag
contributions (Pennycuick, 2008). The KCL term is the lift-induced drag term, where the 
constant K  depends on the lift distribution of the wing (Anderson, 2008)
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For a given bird weight, W=mg, where m is the mass of the bird and g is the acceleration
For a level turn, where velocity is constant, the lift, L , must be increased to maintain equilibrium 
in the vertical direction. Thus,
where f  is the bank angle (Anderson, 2008; Pennycuick, 2008). Increased lift at a fixed velocity 
requires an increased lift coefficient, usually obtained through an increase in angle of attack. The 
increased lift required during the turn will increase the drag of the bird, and hence increase the 
energy required.
Several factors limit the maximum lift, often given as the load factor, n, which is the ratio 
of lift to weight {L=nW). Writing the lift in terms of the load factor n, the drag is given by;
Since n= 1 in straight and level flight (or here in gliding flight with a small glide angle), the 
increase in drag is;
due to gravity, equilibrium in the vertical direction (L=tV) implies that (by solving Eqs. (1) and 
(2) to eliminate Cl):
(3)
L cos <p = W = mg (4)
(5)
(6)
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2 1 2 ^ F2Vsince n~ Q1 = ---- ^  □ 1 = tan- [] =
cos- D \g R
Thus, the increased energy, AE, above that required for straight and level flight, to turn through 
an angle of 6 (in radians) is;
Km2V2
1 S T ' -  ( , )
We calculated the drag force on the bird during a flight during straight sections separated 
by curved turning sections (where the extent of the turn was a function of time spent at a fixed 
angle o f bank and flight speed). The associated energy requirements were calculated using 
equations 5, 6, and 7. The input parameters were; m = 10.5 kg, S = 1.02 n r  (as measured from an 
adult female condor), R = 27.8 m and V — 16.5 m/s (the best glide speed), as estimated for the 
same bird using ‘Flight’.
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Appendix 2
A Web-based Semantic Tagging and Activity Recognition System for Species’
Accelerometry Data.
L. Gao, H. A. Campbell, O. R. Bidder, J. Hunter
L. Gao and H. A. Campbell conceived of the study. O. R. Bidder was responsible for the 
collection and analysis of the data derived from Badgers, Meles meles. As such, he is responsible 
for the portions of the manuscript pertaining to that species only.
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ABSTRACT
Increasingly, animal biologists are taking advantage of low cost micro-sensor technology, 
by deploying accelerometers to monitor the behavior and movement of a broad range of species. 
The result is an avalanche of complex tri-axial accelerometer data streams that capture 
[ observations and measurements of a wide range of animal body motion and posture parameters.
I
I Analysis of these parameters enables the identification of specific animal behaviors - however 
: the analysis process is immature with much of the activity identification steps undertaken 
: manually and subjectively. Consequently, there is an urgent need for the development of new 
; tools to streamline the management, analysis, indexing, querying and visualization of such data.
I In this paper, we present a Semantic Annotation and Activity Recognition (SAAR) system which 
supports storing, visualizing, annotating and automatic recognition of tri-axial accelerometer data 
streams by integrating semantic annotation and visualization services with Support Vector 
Machine (SVM) techniques. The interactive Web interface enables biologists to visualize and 
correlate 3D accelerometer data streams with associated video streams. It also enables domain 
experts to accurately annotate or tag segments of tri-axial accelerometer data streams, with 
standardized terms from an activity ontology. These annotated data streams can then be used to 
dynamically train a hierarchical SVM activity classification model, which can be applied to new 
accelerometer data streams to automatically recognize specific activities. This paper describes 
the design, implementation and functional details of the SAAR system and the results of the
I
| evaluation experiments that assess the performance, usability and efficiency of the system. The 
evaluation results indicate that the SAAR system enables ecologists with little knowledge of 
machine learning techniques to collaboratively build classification models with high levels of 
accuracy, sensitivity, precision and specificity.
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INTRODUCTION
In recent years, animal-attached accelerometers have been increasingly applied to 
monitor the movement and behaviour of animals. Analysis of these datasets is being used to 
assist with conservation planning, livestock production practices or to measure animal health and 
detect disease outbreaks. In particular, accelerometers are valuable tools because they capture 
| animal orientation, body motion and posture parameters. Analysis of these parameters enables 
; the identification and quantification of specific animal activities. Identifying animal activity viaf
| accelerometer data streams plays a fundamental role in discovering the link between animal 
movement, energy expenditure and behaviour (Halsey et al., 2011; Nathan et al., 2012).
Different types of accelerometers including mono-accelerometer; bi-axial accelerometer and tri- 
I axial accelerometers have been used in previous studies to monitor: human physical behaviour 
and health (Han et al., 2010; Khan et al., 2010), and to investigate production livestock’s 
behaviour and welfare (Marchioro et al., 2011; Martiskainena et al., 2009; Ringgenberg et al., 
2010). Because of the higher accuracy available, three-dimensional accelerometers are preferred 
for capturing observations and measurements of animal movement acceleration in all spatial 
dimensions and for generating a more precise estimate of orientation. Consequently tri-axial 
accelerometers are becoming extremely popular with ecologists for tracking animal behaviour 
for ecological research and animal management purposes (Marchioro et al., 2011; Newman et 
al., 2011; Nielson et al., 2010; Wagenaar et al., 2011). This has resulted in an avalanche of 
complex tri-axial accelerometer data that need to be analysed.
However, the process of analysing tri-axial accelerometer data streams remains in its 
infancy with much of the analysis and pattern identification undertaken manually and 
subjectively in biological research areas, especially for studying free-ranging wild animal 
behaviors (Nathan et al., 2012; Shepard et al., 2008). To date, most studies of free ranging 
animals have identified basic behavior by visual interpretation of accelerometer data (Nathan et 
al., 2012), empirical calculation via threshold values (Martiskainena et al., 2009) or 
mathematical calculations over Microsoft Excel spreadsheets (Shepard et al., 2008). Some recent 
studies have applied machine learning techniques to recognize activities in humans (Zhen-Yu 
and Lian-Wen, 2008; Zhenyu and Lianwen, 2009). However, this research focuses on the 
optimization of feature extraction algorithms rather than the provision of an integrated Web-
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based system that combines visualization, tagging and automatic recognition tools with a 
repository for storing the indexed tri-axial accelerometer data streams.
In particular, the interpretation of wild animal accelerometer data is a difficult problem 
due to: the volume and complexity of the data streams; the variability of activity and behavioral 
I patterns across animals (due to age, environment, season); the lack of visualization and analysis 
| tools; the inability to share data and knowledge between experts; the lack of verifiable reference 
I data e.g., using observational video; and the inaccessibility of automatic recognition services.
! Moreover, the steep learning curve associated with building and applying machine learning or
|
pattern recognition techniques to accelerometer data limits the accessibility of these approaches 
to a relatively small group of experts.
The SAAR (Semantic Annotation and Activity Recognition) system was designed to provide 
solutions to the issues outlined above and to achieve the following objectives and user 
requirements:
• To provide a repository on the Web where researchers monitoring animal behavior, can
| upload and share their datasets -  and also search, retrieve and compare datasets from the
same or different species;
• To provide interactive graphical visualization services that enable scientists to quickly
j and easily view and explore tri-axial accelerometer data streams and temporally align
| simultaneously recorded video (where available) that can be used to verify
behavior/activities;
• To provide a platform by which ecologists can interactively record, share and re-use 
domain expert knowledge on animal movements within tri-axial accelerometer data 
streams in an interoperable, reusable manner;
• To provide a set of Web services that can be used to analyze, tag and visualize 3D 
accelerometer datasets and synchronized video using terms from controlled vocabularies 
(pre-defined ontologies);
• To enable ecologists to build their own automatic activity recognition models by training 
classifiers using features extracted from pre-annotated training sets;
• To assess the quality of results generated by Support Vector Machine (SVM)-based 
activity recognition classifiers that have been trained using manually annotated data for a 
variety of species (human, dog, badger);
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• To determine whether an activity recognition classifier trained using data from one 
species (e.g., a domestic dog) can be usefully applied to other species (e.g., a badger) or 
wild species (e.g., a dingo), of similar size and gait.
• To enable the sharing, re-use and refinement of activity recognition classifiers developed 
for specific species, between scientists;
In the remainder of this paper, we describe the SAAR system in more detail. Section 2 
provides detailed information about the research methodology, the underlying data/metadata
i
models and the automatic machine learning approach we have adopted. Section 3 describes the 
; implementation details and provides information about the system infrastructure, functionality 
j and screen shots of the user interface. Section 4 describes the evaluation process. Section 5 
■ analyses the evaluation results including the performance of the hierarchical classifier and the 
usability of the system. Finally, we discuss our contributions, system limitations, as well as the 
future plans and conclusions.
METHODOLOGY
Case study and Data Collection
The challenge for many ecologists is to understand the movement and behavior of 
animals “in the wild”. Researchers are currently using accelerometers to measure the activity 
levels and movement of many wild animals, including crocodiles (Campbell et al., 2010), bears 
(Gervasi et al., 2006) and badgers (Shepard et al., 2008), to assist with their management and 
conservation. In Australia, researchers are investigating the behavior and movement of wild dogs 
and dingoes in order to develop appropriate management strategies (DERM, 2006; Mitchell and 
Balagh, 2008). The difficulty with analyzing tri-axial accelerometer data from wild animals is 
that there is little or no observational data or video that provides the evidence for training an 
automatic activity recognition model. One of the secondary aims of our work described here is to 
develop a model for domestic quadruped mammals (i.e., domestic dogs) using the associated 
video as verification and to see if this model can be used to accurately recognize activities of 
other similar-sized quadruped mammals (e.g., badgers) or similar species in the wild (e.g., 
dingoes), for which there is no corresponding observational video.
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A tri-axial accelerometer (G6A), produced by Cefas Technology Limited (CTL), was 
used to collect human and dog data sets. This data logger is 40 mm x 28 mm x 16.3 mm, 16MB 
memory, 7.3g weight in air and 2.3g weight in seawater. It supports a wide range of sampling 
rates from 1Hz up to 30Hz. In this study, a sampling frequency of 1Hz was selected, as this is 
sufficient to detect changes in behavior and can be used to monitor animals for long periods of 
time without producing vast volumes of redundant data.
We collected data from eight voluntary students and staff from the University of 
Queensland (four males and four females). They are all healthy with no physical problems and 
their ages range from 25 to 38. This human data collection was divided into two stages: training 
data collection and test data collection. The G6A was attached to the shoulder of each volunteer 
with X axis pointing backwards, Y axis pointing left and Z axis pointing upward. At the training 
data collection stage, each volunteer was asked to do 3 minutes walking, 3 minutes running, 1 
minute sit-ups, 3 minutes standing, 3 minutes sitting and 3 minutes lying. At the test data 
collection stage, each volunteer was asked to arbitrarily perform these same six activities over a 
15 minute period. During the entire data collection phase, a camera simultaneously recorded 
video which provides the ground truth for the evaluation phase.
Next, we collected data from domestic dogs. The same accelerometer device (G6A) was 
attached to the back of each dog’s neck via its collar. Six dogs of different breeds and ages were 
observed (4 year old Border Collie, 15 kg weight, 52 cm height; 1 year old dachshund, 8.9 kg 
weight, 20 cm height; 8 year old Cocker Spaniel, 14 kg weight, 35 cm height; 5 year old German 
Short-Haired Pointer, 25.8 kg weight, 63 cm height; 10 years old Staffordshire Terrier-Labrador 
cross, 21 kg weight, 55 cm height; 5 years old Cavalier King Charles Spaniel, 7.5 kg weight, 30 
cm height). During the training data collection stage, each dog was led by its owner to perform 2 
minutes walking, 2 minutes running, 2 minutes standing, 2 minutes sitting and 2 minutes lying.
In addition the King Charles spaniel spent 1 minute foraging/digging and 1 minute climbing 
(front paws raised to reach a treat, whilst the owner walked backwards). During the test data 
collection stage, each dog was led by its owner to randomly perform the activities above over a 
period of 10 minutes. During the entire data collection phase, a camera simultaneously recorded 
video which provides the ground truth for the evaluation phase.
In addition, Eurasian badger data was collected from studies undertaken at West Hatch 
RSPCA Centre, Somerset, UK. During these studies, five Eurasian badgers were equipped with
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tri-axial accelerometers that were attached to a leather collar fastened round the badgers’ necks 
with X axis pointing backwards, Y axis pointing left and Z axis pointing upward (Shepard et al., 
2008). Camera traps were also set up to verify some activities, although large periods of activity 
were outside the camera’s field of view. Where no verification by video was possible, manual 
annotations were made based on prior knowledge and the principals set out by Shepard et al., 
(2008). Six activities were annotated: walking, running, climbing, foraging, standing and lying.
Process
Our approach to this research can be sub-divided into the eight stages described below:
1. A Web interface was developed that enables datasets (tri-axial accelerometer data in CSV 
format and corresponding videos in (Ogg Vorbis) OGV format) to be uploaded to the 
system’s server and described using simple metadata including: Creator, Date Captured, 
Species, Animal ID, Location, Coordinates, and Description.
2. Users can search, browse, retrieve and open specific datasets and visualize both the tri- 
axial accelerometer data (and associated video if available) through a graphical user 
interface that comprises two panels (Plot and Video) -  juxtaposed one above the other -  
that display both the tri-axial movement data streams and the video stream. Simple 
alignment tools enable users to precisely synchronize the data and video streams.
3. An ontology-based annotation service enables domain experts to tag tri-axial 
accelerometer data streams manually via the combined Plot and Video user interface - 
using predefined ontologies that capture the terms describing activities of interest to the 
researcher and of relevance to the animal being studied e.g. running, walking, standing, 
sitting, lying. Separate ontologies can be developed for different terrestrial, marine and 
avian species and the most appropriate ontology selected at run-time.
4. The manually attached tags (and pointers to relevant file segments/time stamps) are 
stored on an annotation server in RDF format. Through the annotation interface, users 
can share their tags with other users, search and retrieve specific tags/annotations and 
associated accelerometer data segments e.g. give me all segments in which animal with 
ID “abed” is “running”.
5. A user then specifies the set of tagged data streams which are to be used as the training 
data. The system retrieves and aggregates all of the data corresponding to each tag/label
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and extracts a set of application-dependent features that represent that tag/label. The 
application-dependent features and representative labels are then used to interactively 
train a hierarchical SVM classifier that recognizes both “active” and “inactive” states as 
well as more specific sub-class activities.
6. When new tri-axial accelerometer data streams are uploaded, the corresponding 
application-dependent features are extracted and then input into the trained SVM 
classifier which automatically tags/annotates the new data streams. The classification 
results are stored in RDF on the annotation server and displayed via the Web 
visualization interface for biologists to verify or correct.
7. Finally, statistical analysis tools are also provided that calculate the statistics for each 
activity for a single animal or a set of animals (including average, minimum, maximum 
time of occurrence, cumulative time of occurrence in the whole period, total number of 
occurrence and standard deviation of the duration time). These results are presented as a 
pie chart on the Web interface.
8. To evaluate the system we assess the performance of different SVM classifiers by 
comparing the automatically tagged data streams against ground truth data (captured via 
video or hand tagged data streams). We also assess the system’s usability and efficiency 
by collecting and analyzing users’ feedback and performance metrics.
Activity Recognition using Support Vector Machines
SVMs (Support Vector Machines) are well established as a successful modeling and 
prediction tool for both pattern classification and regression tasks. They are linear classifiers 
based on statistical learning theory and the idea of the maximum margin hyper-plane. In previous 
species activity identification studies (Martiskainena et al., 2009; Zhen-Yu and Lian-Wen, 2008; 
Zhenyu and Lianwen, 2009), SVMs demonstrate relatively good performance when applied to 
the classification of tri-axial accelerometer data streams from humans and cows. For SAAR, we 
decided to use the LIBSVM library (Chang and Lin, 2011) because it is open source, written in 
Java and is simple to download and use. More specifically, we decided to use the C-SVC (C- 
support Vector Classification) algorithm from the LIBSVM library because it is the simplest 
SVM approach (Boser et al., 1992).
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Our activity recognition service is designed to perform on two hierarchical levels: high 
level and low level recognition. The high level recognition service identifies active and inactive 
activities, while the low level recognition recognizes specific activities which are sub-classes of 
the active and the inactive activity classes (for example, walking, running, feeding, sleeping, 
lying, etc). In order to use the C-SVC algorithms to automatically recognize tri-axial 
accelerometer data stream patterns, application-dependent features have to be extracted.
In this study, features were extracted using a window size of 3 seconds with an overlap of 
1 second (2 sampling points for 1 Hz sampling rate) between consecutive windows. There are 
three reasons for selecting this window length and overlap. Firstly, feature extraction on sliding 
windows with 50% overlap (2/4 samples overlap) has been demonstrated to achieve accurate 
results in previous research efforts (Bao and Intille, 2004; Li et al., 2010; Ravi et al., 2005; Yang 
et al., 2008). Secondly, it has been shown that a window of 2 seconds can capture activities (Li et 
al., 2010), hence a window of 3 seconds with 1 second overlap will be sufficient to capture 
activities. Thirdly, the most efficient algorithm for calculating the Fast Fourier Transform (FFT) 
usually operates with a time window length that is a power of two.
At the high level recognition, we extract the following features including standard deviation 
vector, signal magnitude area vector and waveform length vector. They are expressed 
respectively as follows:
• Standard deviation (SD): The standard deviation measures how spread out the signal is 
within x-axis, y-axis and z-axis respectively.
Where and Xk are the zth and the Mi accelerometer values on the x-axis, y-axis and z-axis, and 
N is the window size.
• Signal magnitude area (SMA): The signal magnitude area is found to be a suitable
measurement of the degree of movement intensity that can distinguish between active and 
inactive activities using tri-axial accelerometer data (Khan et al., 2008).
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• Waveform Length (WL): The WL is the cumulative length of the waveform amplitude, 
frequency and duration all within a signal window. In other words, it measures the total 
amount of variance in signal vibration through three dimensions.
(N n n-  x i I + ^  ly m  -  y< I + ^  lzi+i -  z i
i = l  i = 1 i = l
For the low level recognition, we extract spatial-domain features (standard deviation, signal 
magnitude area, waveform length). But in addition we extract frequency-domain features and an 
inheritance parameter.
The discrete Fourier transform (DFT), a transform for Fourier analysis of finite-domain 
discrete-time signals, is widely employed in signal processing to produce frequency information 
contained in a sampled signal (Smith, 1999). A fast Fourier transform (FFT) is an efficient 
algorithm to compute DFT and it produces exactly same results of DFT (Brigham, 1988). Given 
a set of real or complex numbers xO,..., xN-1, the DFT transforms them into the sequence of N 
complex numbers XO,..., XN-1. Those complex numbers represents the magnitude and phrase 
information about the transformed sequence. In this study, we take the power o f magnitude of 
the complex FFT output as the component of the frequency-domain features.
Figure 1 illustrates how to use FFT transform to compute frequency-domain features for 
the low level activity recognition. The Inheritance parameter (IP) measures whether a subclass 
was originally inherited from a parent class. To compute the IP value, high level activity 
recognition is employed to recognize two classes: active activity and the inactive activity. The 
value of IP is 1 if the classification result belongs to the active activity class, and -1 if it belongs 
to the inactive activity class.
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Algorithm: Compute frequency-domain features 
Input: A segment of tn-axial ACC data stream 
Output A frequency-domain feature vector 
1.1-0; S,D = {<£}; ComplexQ F = {<£} 
2 Read a segment of tn - axial ACC data stream, get
X„. -  . V ,
D = Yo’ *Yn-i 
3. Execute FFT transform, F *  FFT(D)i get
x 0> - • XN-1
F = <Yo- - •YN-1
z 0. - >ZN-I
4 For each 1 < fy *0
S ADCHX^X,); /*X, is the conjugate of X,*/ 
S.ADD(Y, x Y,); /*Y, Is the conjugate of Y ,*/ 
SADD(Z,xZ,); /*Z, is the conjugate of Z, * /
5. Return S;
Figure 1; FFT-based feature extraction algorithm
IMPLEMENTATION 
System Architecture
Figure 2 shows the high level architectural components of the SAAR system (SAAR, 
http://seas.metadata.net/saar) which combines: Web 2.0 technologies (Java, JavaScript, and 
JSON) to maximize accessibility and collaboration; with Semantic Web technologies (RDF, 
SPARQL, OWL ontologies) to maximize knowledge capture, re-use and interoperability through 
standardized vocabularies; and Support Vector Machine (SVM) to provide the machine-learning
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tools for automated recognition of activities.
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Figure 2; High level architectural view of SAAR system
A Web-based Plot-Video visualization interface combines AJAX, Flot (a plotting jQuery 
library)2, HTML 5 Video Player library (Video.js) 3 with JavaScript to enable users to 
interactively visualize both tri-axial accelerometer data alongside simultaneously recorded 
videos in an interactive plot visualization pane and a video player, respectively.
Using the Plot-Video visualization interface, users can invoke the semantic annotation 
service by selecting a segment of accelerometer data from the timeline or a segment of video 
from the video pane, and then attaching an activity class label chosen from a pull-down menu
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(whose values are extracted from a pre-defined ontology). The manually created annotation is 
stored in an RDF triple store. More specifically, the annotation server is implemented using the 
Apache Tomcat java server and Sesame 2.6.3, a Java framework for storage and querying of 
RDF data. Additional annotation functions such as edit, refresh, and retrieve annotations are also 
supported.
The activity recognition is implemented using the LIBSVM Java library. At the training 
stage, users interactively search and retrieve specific segments/annotations via the following 
search terms: species, creator, animal ID and activity Tag. The SPARQL query language is used 
to query the annotation server and automatically transform the retrieved annotations into a set of 
application-dependent features with representative labels based on users’ activity recognition 
level selection. After the specific hierarchical SVM classification model is built for all of the 
activity tags, new tri-axial accelerometer data are input to the trained SVM classifier to 
automatically tag the input data. The predicted results are displayed in the timeline visualization 
pane, where experts can check or correct them. An advanced statistical analysis of animal 
activity information is conducted on the predicted results by using simple statistical algorithms 
and the results are displayed in a 3D pie chart.
User interface
The SAAR user interface, accessible via a Firefox or Chrome Web browser, enables users to 
interactively:
• Zoom in or zoom out the timeline visualization interface to precisely attach an activity 
tag to a segment of tri-axial accelerometer data streams (motion along the X, Y and Z
axes);
• Synchronize the video player with the timeline visualization so users can attach a 
tag/annotation to either a segment of tri-axial accelerometer data stream or the video and 
it is attached to both segments
• Delete, edit or correct annotations;
• Search and retrieve annotations based on annotation content and metadata. For example: 
give me all annotations created by a user “Juana” between the“2012-03-01 00:00:00” and 
“2012-03-02 00:00:00”;
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• Dynamically train an SVM activity classifier using annotated data streams and then apply 
this trained classification model to newly generated accelerometer data streams to 
automatically tag activities;
• Statistically analyse the tags on a data stream to calculate relative times spent by a 
particular animal or species on each activity.
Figure 3 illustrates the SAAR Plot-Video visualization interface and the annotation interface. 
The top left of the interface shows the Plot interface and the tri-axial accelerometer data stream 
(for a domestic dog). The X-axis data is yellow, the Y-axis data is blue and, and Z-axis data is 
red. Users are able to zoom in and zoom out to observe the data streams in more detail, using the 
mouse scroller. In the bottom left of the interface is the video player which provides play, pause 
and stop buttons, which enable the video to be precisely synchronized with the tri-axial 
accelerometer data streams. When creating an annotation/tag, users are required to input data 
including: the Creator, activity Tag and Description in an annotation form displayed on the right 
hand side of the user interface. The successfully created annotations are stored on the RDF triple 
store and listed in the Annotation List.
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Figure 3; Screenshot of SAAR Plot-Video visualisation interface and the annotation interface.
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Figure 4 shows how users can retrieve specific annotations to train a SVM (C-SVC) 
activity classifier. It illustrates how a user searches and retrieves all annotations involving a
human actor (with ID = “Jackie”) to train a low-level classifier.
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Figure 4; User interface when retrieving all the specific annotation to train a C-SVC activity classifier
Figure 5 shows a screenshot of the results of applying a low-level human SVM activity 
classifier. This classifier identified six human activities (walking, running, sit-ups, lying, 
standing and sitting) and the result is shown in the plot visualization with the activity type tags 
displayed in blue along the top. The pie chart on the right shows the statistical information about 
each activity. From the pie chart, we can affirm that the participant spent 19.5% (132 seconds) of 
his time running, 18.9% (128 seconds) walking, 11.1% (75 seconds) doing sit-ups.
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Figure 5; Screenshot of the SAAR Interface with human activity identification results
EVALUATION AND RESULTS
This section describes the evaluation methods that we employed to assess our system. 
Firstly we evaluated the performance of SAAR based on the results of our experiments on the 
human, dog and Eurasian badger data sets. Secondly we evaluated the usability of our system 
based on feedback from a group of 8 biologists.
Performance Evaluation and Classification results
The first experiment was conducted on human data with the aim of automatically 
tagging/identifying both high level (active and inactive) and low level activities (walking, 
running, sit-ups, standing, sitting and lying). Two classification models (a high level classifier 
and a low level classifier) were developed by feeding the training set (8 people, 16 mins of data 
each) into the SVM (C-SVC algorithm). We then submitted the random human datasets (8 
people, 15 mins of data each) into the classifiers and compared the automatically generated 
results with the reference data (which was manually tagged using the video as reference).
The second experiment involved training a high level dog activity classifier to distinguish 
active and inactive dog behavior and a low level dog activity classifier to identify walking, 
running, standing, sitting and lying movements on the dog data set. We then submitted the
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untagged datasets for dogs into the classifiers and compared the results with the reference data 
(manually tagged using video as reference).
The third experiment involved training a high level Eurasian badger activity classifier to 
identify high level activities (active and inactive), as well as a low level Eurasian badger activity 
classifier to recognize walking, running, climbing, foraging, standing and lying. We then 
submitted untagged datasets for Eurasian badgers into the classifiers and compared the results 
with the manually tagged reference data.
The last experiment involved using the high and low level classifiers generated from dog 
training data to automatically tag the corresponding Eurasian badger data. We then compared 
these results with the results from the third experiment to see if the dog classifier could 
successfully be used to recognize badger activities. In previous studies, several methods have 
been proposed for assessing the performance of the supervised Machine Learning approach 
(Sokolova et al., 2006). In our study case, we used four commonly-accepted performance 
evaluation metrics which are calculated from the number of correctly and incorrectly recognized 
tags for each class. These metrics include true positive (TP), false positive (FP), true negative 
(TN) and false negative (FN). From these four metrics we calculate: accuracy 
((TP+TN)/(TP+TN+FP+FN)), sensitivity (TP/(TP+FN)), precision (TP/(TP+FP)), and specificity 
(TN/(FP+TN)).
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Figure 6; The experimental results from applying activity identification models to accelerometer datasets 
for different species. Key; Accuracy Blue, Sensitivity Red, Precision Orange, Specificity Green.
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The performance results of the eight activity classification models are presented in the 
Figure 6. The results from the first three experiments (1), (2) and (3), reveal that the high level 
classification models produce: accuracy>97%, sensitivity>96%, precision>97% and 
specification>96%. On the whole, these results are excellent and also better than the low level 
classifiers which produce: accuracy>96%, sensitivity>80%, precision>80% and 
specification>95%.
In addition, the human classification models performed better than the dog and badger 
classification models. The reason for this is that compared with dog and Eurasian badger data 
sets, the human data set contains less noise. A human-being is able to accurately perform the 
requested movements for the specified time period and the change from one activity to another is 
quite distinct. However, the animals (dogs and Eurasian badgers) are unable to perform specific 
movements/postures without professional training. Domestic dogs that were led by their owners 
were able to perform the requested range of activities much better than undomesticated badgers 
being monitored in the wild. Hence, the dog data contained less noise than the badger data and 
the dog classification engine (experiment 2) performed better than the badger classifier 
(experiment 3).
The results from the fourth experiment show that using the domestic dog classification model to 
recognize
Eurasian badgers’ activities does not perform as well as the other three experiments - 
especially if we compare the high level (active/inactive) classifiers for experiment 4 against 
experiment 3 (whose classification model was generated from badger data). This is to be 
expected. However, the results are still quite positive. The high level classifier produced: 
accuracy>92%, sensitivity>88%, precision>85% and specification>87%, whilst the low level 
classifier produced: accuracy>83%, sensitivity>83%, precision>79% and specification>85%. To 
conclude, migrating the classification models across species does not perform as well as species- 
specific classification models, however in situations where there is no video reference, it can be 
used as an effective first pass, that can be corrected or refined manually by experts.
The other problem with migrating a classification model across species is that the activity 
terms/ontology may differ. For example, the dog activity ontology does not include the terms 
“foraging/digging” and “climbing” which are in the badger activity ontology. We specifically
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captured accelerometry data from the King Charles Spaniel whilst it was performing
.
“foraging/digging” and “climbing” activities, because we knew in advance that we wanted to 
build a classifier that could be applied to the badger data. However, in general, there will not be a 
one-to-one mapping between terms in activity ontologies across species.
Usability Evaluation
The usability of the system was assessed by users via both questionnaires and by observing 
users’ behaviour during the usability test phase -  which involved a small group of eight 
ecologists from the University of Queensland EcoLab. Users were asked to respond to the 
following questions on a questionnaire:
• I think the visualization interface is a useful tool.
• I found the visualization interface easy to use.
• I think the annotation interface is a useful tool.
• I found the annotation interface easy to use.
• I found the suggested tags appropriate.
• I found the search options useful.
• I found the search interface easy to use.
• I found it easy to train the automatic activity classification (SVM) engine.
• I felt confident using SAAR.
• I think my colleagues would learn SAAR quickly.
• I needed a lot of training before I could use SAAR effectively.
• The pie chart showing statistical information about each activity is useful.
Users were asked to respond to each question from a 5-point Likert scale ranging from “Strongly 
disagree” to “Strongly agree”. The system’s efficiency was determined by measuring the average 
time it took a user to: create an annotation through the timeline visualization, create an 
annotation through the video pane, search existing annotations to train a SVM classifier, and use 
the dynamically created classifier to predict animal activities. Each user was given a brief tutorial 
in the use of the SAAR system and then assigned a specific set of annotation and recognition 
tasks. The time taken to complete each task was recorded.
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Usability Evaluation Results
The questionnaire results were very positive. All of the users who were surveyed found 
the visualization interface, annotation interface, search interface and the pie chart to be useful, 
and believe that their colleagues will learn to use the SAAR system quickly. 87.5% of users 
found that the system, including the visualization, annotation and search interface, is easy to use. 
12.5% o f users felt that they would require more time to learn to use it effectively. Aspects that 
required further information or clarification included, instructions on how to operate the zoom in 
and zoom out functions for the timeline visualization and explanations of the meaning of each 
search option.
Task Description Time Range Average Time
1. Create a new annotation using the Plot timeline 15 -  32 s 19.5 s
2. Create a new annotation using the video pane 15 s -3.5 min 45.9 s
3. Search and retrieve annotations and input as 
training data to generate new classifier
3 s -  1 min 13 s
4. Submit new 15 min dataset into classifier, 
generate automatic tags and display in 
visualization pane
4 s -  1.5 min 6 s
Table 1; Summary of time taken by user group to perform requested tasks
Table 1 shows the results of the time trials. The average time taken by users to create an 
annotation through the timeline visualization was 19.5 seconds which was less than the time 
required to create an annotation using the video pane. This is because users typically had to 
replay video segments multiple times (rewind, pause and replay) to be clear on what the animal 
was doing. The time to complete Tasks 3 and 4 both depend on the size of the data set but the 
average time for each task was very low (13 seconds and 6 seconds respectively). These times 
are considerably less than the time that would be required if animal behavior researchers had to 
implement their own SVM.
It was not possible to compare these times with other comparable systems because, to our 
knowledge, there are no other systems that support similar functionalities. However, we believe 
that these results indicate that users are able to use our system quickly and effectively to
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complete the required tasks and that in general, our system will significantly expedite the process 
o f analyzing large volumes of 3D accelerometry data.
Limitations and Future work
Despite the convincing results presented above, the user tests also revealed a number of 
system limitations. In particular, the system currently only supports accelerometer data of 
sampling rate 1Hz. With some species, this sampling rate is insufficient to recognize specific 
activities. However, the zoom in and zoom out functionalities associated with the Plot panel 
became very slow when displaying higher sampling rates or large data sets e.g., 3-5 hour data 
sets. This is due to the fact that the visualization software redraws all the points when users zoom 
in or zoom out the Plot visualization. We need to investigate more scalable approaches for 
redrawing data files with sampling frequency > 1Hz or data files for extended periods (>2 
hours).
The second problem that we encountered was related to the quality of the data acquired 
from the accelerometers. It was quickly apparent that the integrity of the data is compromised if 
the position of the accelerometer changes during the data capture phase. The accelerometers 
must be rigidly attached in a fixed position and orientation on the back of the animal being 
monitored. If the position or the orientation changes, the quality of both the data and the 
classification deteriorates. This is one of the major challenges associated with accelerometers -  
especially when dealing with wild animals such as crocodiles or bears, it is difficult to always 
attach the accelerometer to precisely the same location and to ensure it does not shift over time.
We have also identified a number of future work directions that we would like to pursue. 
Firstly, from the system point view, we plan to integrate the Plot and Video visualization 
interfaces with the Google Map interface to enable simultaneous visualization of tri-axial 
accelerometer data streams, videos and GPS location information. In addition, we are also 
planning to develop an energy expenditure distribution map by analyzing both animal day and 
night movements to predict animal health statuses.
Secondly, a number of researchers are attaching GPS acoustic and satellite tags (Guo et 
al., 2009; Wagenaar et al., 2011) that track GPS location on a larger scale as well as other 
sensors (that measure body temperature, heart rate, bioacoustics etc.) to animals, in addition to 
accelerometers. The SAAR system could be extended to support the integration, visualization
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and analysis of these additional parameters -  in order to detect more complex behaviours, 
includi ng interactions between animals, such as mating, fighting or territorial marking.
We are also hoping to acquire tri-axial accelerometer data captured from wild dingoes in 
the future. Dingoes are closer in species and behaviour to domestic dogs, so we expect that the 
domestic dog classifier will work better on dingo data than it did on the badger data, but we 
would like to test this hypothesis. We are also interested in applying and evaluating this research 
to accelerometer data captured from flying foxes and birds to monitor their behaviour.
To date, we have only evaluated SVMs using the C-SVC algorithm. It would be 
interesting to evaluate the classification results using different types of SVMs (e.g., nu-SVC, 
regressing SVM) and different kernel functions -  to determine which SVM and kernel function 
productes the best results.
Currently the uploaded data sets are openly available via the SAAR Web site. However, 
many researchers would prefer to limit access to their experimental data only to project partners, 
at least until the data has been published. It also makes sense to restrict who can attach/edit tags 
on accelerometer data streams. In the future we plan to implement authentication and access 
control protocols over the datasets and associated tags, to enable the data owner to specify access 
controls including read, edit and re-use permissions.
Finally, once we have implemented the user authentication and access control protocols, 
we plan on making the system available to a broader community of users, beyond just the 
University of Queensland ECO-Lab. This will enable us to test the performance, scalability and 
usabilit y of the system based on feedback from a larger volume of users.
CONCLUSION
We believe that the SAAR system delivers an easy-to-use Web-based repository and a set 
of semaintic tagging, visualization and activity recognition services that will greatly benefit those 
researchers who are using accelerometers to quantify animal movement and behaviour. The data 
visualization and semantic annotation/tagging interface enable rapid exploration and 
interpretation of the accelerometer datasets. More importantly the user interface enables domain 
experts to record their knowledge in a format that can easily be reused to develop accurate 
machime learning algorithms capable of automatically recognizing behavioural patterns in a wide
222
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Appendix 3
Creating a behavioural classification module for acceleration data: Using a captive
surrogate for tough to observe species 
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SUMMARY
Distinguishing specific behavioural modes from data collected by animal-borne tri- 
axial accelerometers can be a time consuming and subjective process. Data synthesis can be 
further inhibited when the tri-axial acceleration data cannot be paired with the corresponding 
behavioural mode through direct observation. Here we explored the use of a tame surrogate 
(domestic dog) to build a behavioural classification module, and then used that module to 
accurately identify and quantify behavioural modes within acceleration collected from other 
individuals/species. Tri-axial acceleration data were recorded from a domestic dog whilst it 
was commanded to walk, run, sit, stand, and lie-down. Through video synchronisation, each 
tri-axial acceleration sample was annotated with its associated behavioural mode; the feature 
vectors were extracted, and used to build the classification module through the application of 
supported vector machines. This behavioural classification module was then used to identify 
and quantify the same behavioural modes in acceleration collected from a range of other 
species (alligator, badger, cheetah, dingo, echidna, kangaroo, and a wombat). Evaluation of 
the module performance, using a binary classification system, showed there was a high 
capacity (> 90 %) for behaviour recognition between individuals of the same species. 
Furthermore, a positive correlation existed between SVMA capacity and the extent by which 
the individual had a spinal length-to-height above the ground ratio (SL:SH) similar to that of 
the surrogate. The study describes how to build a behavioural classification module and 
highlights the value of using a surrogate for studying cryptic, rare or endangered species.
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INTRODUCTION
The recording of acceleration using animal-borne electronic devices is gaining 
popularity in animal research (e.g. Martiskainen et al., 2009; Nathan et al., 2012; Nielsen et 
al., 2010; Shepard et al., 2008; Wilson et al., 2006). The measure of acceleration includes 
both static (due to gravity) and dynamic (due to movement) components, which are recorded 
whilst the animal carries out routine behaviours (Sato et al., 2003). Researchers use 
miniaturised logging devices to measure acceleration across three axes (tri-axial acceleration) 
and by calculating overall dynamic body acceleration (ODBA) estimate the energy- 
expenditure of the animal (Green et al., 2009; Halsey et al., 2011a, Gleiss et al., 2011). 
Although it has been recognised that integration of activity-specific metabolic rates with 
behavioural modes would better reveal the interaction between an animal and its environment 
(Halsey et al., 201 lb), it has rarely been carried out because of the challenges associated with 
distinguishing different behavioural modes in the acceleration data.
To quantify behavioural modes from acceleration recordings, early studies used visual 
observation of the animal with the acceleration recording device attached (Halsey et al., 
2009; Laich et al., 2008; Yoda et al., 2001). More recently, pattern recognition and machine 
learning algorithms have been used to classify the behavioural modes from acceleration 
collected upon free-ranging animals (Gao et al., 2013, see Appendix 2; Martiskainen et al., 
2009; Nathan et al., 2012; Sakamoto et al., 2009). The application of machine learning 
algorithms to acceleration data has the potential to automate the behavioural mode 
identification and quantification process from free-ranging animals. The draw-back however, 
is that for the algorithms to accurately identify each behavioural mode in the free-ranging 
animal, a period of observation is required to instruct the machine learning algorithms upon 
the acceleration feature vectors associated with each behavioural mode. Consequently, for 
individuals or species where it is not possible to observe the study animal whilst 
simultaneously recording the acceleration it has not been possible to calibrate the acceleration 
data with the associated behaviour.
As of yet, little work has been undertaken to assess whether surrogate test individuals 
could be used to qualify and quantify the association between individual behavioural modes 
and tri-axial acceleration data-streams. We envisage that this technique has merit because 
researchers in this field may be required to utilise surrogate species for machine learning 
algorithm training, and that a framework by which these species are selected is required. The 
use of a surrogate to develop a behavioural classification module would be particularly useful
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for the assessment of behavioural modes from acceleration collected on species that are rare, 
highly cryptic, or those that live in environments that prohibit direct visual observation.
In light of this, our objective was to create a behavioural classification module and 
evaluate its accuracy, precision, and sensitivity when identifying behavioural modes from 
acceleration feature vectors collected from different individuals and species. To build the 
classification module we used algorithms and software that can be downloaded free from the 
internet. In addition, we assessed the relationship between module performance and 
differences in morphology between the training and test individuals. In this way, we aim to 
provide criteria by which researchers may select surrogate individuals/species for auto­
recognition of behavioural modes in tri-axial acceleration studies.
METHODOLOGY
Equipment
To record animal movement patterns tri-axial accelerometer data loggers were used 
(G6A, 40 mm x 28 mm x 16.3 mm, a 16MB memory, 7.3g in weight, 18 mg accelerometer 
resolution; CEFAS Technology Limited, Lowestoft, UK). The accelerometer was positioned 
on the dorsal surface of the neck in the orientation of X; anterior-posterior, Y; lateral axis, Z; 
dorsal ventral (hereafter described as surge, sway and heave, Shepard et al., 2008), and 
configured to sample acceleration once per second (1 Hz).
Developing the behavioural mode classification module
The animal used in this study for the development of the behavioural mode 
classification module training was a well-trained domestic dog (Spaniel-Poodle cross; Canis 
lupis familiaris). The accelerometer was placed on the back of the dog’s neck and secured on 
top of the fur using two strips (5 x 15 cm) of cloth tape (Tesa, NSW, Australia) applied in a 
cross formation. The tag was secured to prevent micro-movement. Animal behaviours were 
simultaneously monitored using a digital hand-held camcorder (JVC 3610). The dog 
performed the following behavioural modes on command; running, walking, standing, sitting 
& sternal recumbency (lying down on the front). Each behaviour was performed continuously 
for 60 s. Acceleration was recorded whilst the animal was simultaneously videoed at 25 
frames s '1.
230
Figure 1; Behavioural mode annotation of the raw tri-axial acceleration data stream before designation of 
the feature vectors. The acceleration data were collected from a domestic dog, and annotated manually 
whilst simultaneously viewing the dog's behaviour by video. All acceleration samples within each section 
(red dashed line) have been designated as representing that particular behavioural mode.
The acceleration data was downloaded using the G5 Host software (Version 6.4 
CEFAS technology limited), and exported as a comma separated value file. Each acceleration 
sample was matched to the appropriate video frame through the time-stamp, and then by 
viewing the video each of the acceleration samples was labelled with the appropriate 
behaviour (Fig. 1). Once the data streams were annotated the following equations were 
applied to extract the feature vectors relevant for each behavioural mode.
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Standard deviation (SD): A measure of the signal spread along each axis (equation 
1).
SD =
I i A f  i X
Vn - i I v n I t'
Signal magnitude area (SMA): A measure of movement intensity within all three 
axes (equation 2. see Khan et al., 2010).
SMA = —
N N
N i t ;ZW+ZW+Zhli= l j=i /
Waveform Length (WL): The total amount variance within the signal through the 
cumulative measure of amplitude, frequency and duration (equation 3).
WL = 1
N-l
N-l
f  N -l
V i= l
x i+r x i
N-l
+Z|y«-yil+IX>-zil
i= l i= l
The fast Fourier transform was also used, which is a routine procedure used to convey 
respective frequency domain information of a time -  domain waveform (Kay and Marple, 
1981; Campbell et al 2006).
These four algorithms were the n-dimensional vectors that created the acceleration waveform 
for surge, sway and heave. Each equation was applied within a 4 s moving window with 2 s 
overlap. Once the acceleration feature vectors for each of the behavioural modes were 
established the classification training data set
S = {(xj,yi) |x i eR p,yj e{'walk1,’run’,'sit','stand',’he d o w n w a s  prepared, where Xj is the i-
th set of feature vectors for the i-th window, and yj is the corresponding label or behavioural 
mode for the i-th window. Next, the SVM was applied for classification training of a 
behavioural classifier, which, in terms of math, will be built by optimising the following 
minimisation problem:
Minimise (equation 4):
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m i n U wTw+ c X ^ ,
w ,£ ,b  i= l
Subject to:
>0,yi(wTw + b ) > l - ^ i,Vi = l,...,n
Where C is a positive regularisation constant controlling the trade-off between margin and 
training error, w is the vector of coefficients, b is a constant and ^  is the slack variable which 
measures the degree of misclassification ofxj. The minimisation problem can be solved using 
the method of the Lagrange Multipliers:
Minimise (equation 5):
1 n
i= l
n n
Xaityi(wTxi +b)-i+y-ZP£i
i= l i=l
Subject to:
In order to solve this problem, the equation (5) is transformed into its dual problem:
Minimise (equation 6):
n n  n
Subject to:
n
i= l
Where K(Xj,Xj)is the kernel function which denotes an inner product in feature space due to 
the fact that implicitly mapping input data into a high dimensional feature space makes it
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possible to define a similarity measure from the dot product in feature space. The kernel 
function is denoted as:
<  Xj»Xj ><— K (X j, x j )  =  0 (X j )* 0 (X j)
Detailed descriptions of the SVMA used in this study can be found in Boser et al., (1992), 
Campbell & Ying (2011) & Abe (2005). To build the behavioural classification module a 
web-based mathematical interface was used (SAAR; Gao et al., 2013, see Appendix 2). A 
number of these software packages are available on the internet some require computer 
programming skills (Libsvm, supplementary file ) whilst others provide a graphical user 
interface (SAAR, Weka; Supplementary file).
Using the classification module to identify and quantify behavioural modes in test 
species
To test the extent by which the classification module could identify behavioural 
modes in the acceleration data collected from other individuals, a range of species were 
chosen to represent a variety of body-forms and gaits. Each differed in the extent from that of 
the surrogate individual upon which the behavioural classification module was built. These 
included an Australian dingo (Canis lupus dingo), Eurasian badger (Meles meles), Bengal 
tiger (Panthera tigris tigris), African cheetah (Acinonyx jubatus), American alligator 
(Alligator mississippiensis), hairy-nosed wombat (Lasiorhinus krefftii), Eastern Grey 
kangaroo (Macropus giganteus), and short-beaked echidna (Tachyglossus aculeatus) (Table 
1). The accelerometer was attached to each individual in roughly the same locality as it was 
positioned on the surrogate animal (dorsal surface behind the head). It was ensured that the 
device X,Y and Z plane orientation were identical to those used in the surrogate.
To enable tag attachment each animal was first distracted with the appropriate food 
source. Then whilst the animal was feeding the accelerometer was taped onto the animals’ 
back at the appropriate location. By using long lengths of cloth-tape it was possible to attach 
and secure the tag with minimal disturbance to the animal. Once the tag was attached each 
animal was then released into a large open-air enclosure similar to its natural environment. 
The tri-axial accelerometry data were recorded at 1 Hz, and the animal was simultaneously 
videoed using a hand-held camcorder (25 frames s '1) for 60 min.
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Body 
Mass (kg)
Spine 
length (cm)
Spinal height above 
the ground (cm)
SL:SH
American Alligator 18.2 92 9 10.22
Bengal tiger 91.2 179 57 3.14
Cheetah 43.0 108 43 2.51
Australian dingo 18.0 58 25 2.32
Domestic dog 14.0 54 24 2.25
Short-beaked 4.2 43 6 7.16
echidna
Eastern grey 29.5 113 15 7.53
kangaroo
Eurasian Badger 25 48 12 4.0
Hairy -nosed 23.0 63 12 5.25
wombat
Table 1; The measurements for each animal used in the study
The surrogate trained behavioural classification module was then applied to 
the acceleration data collected from each species. The behavioural classification module 
examined the feature vectors associated with each tri-axial sample of acceleration within a 4 s 
sliding window with a 2 s overlap. Based on these feature vectors the SVMA within the 
module assigned the sample to one of the five behavioural modes (running, walking, 
standing, sitting, & sternal recumbency), depending upon which it most closely resembled. A 
step-wise procedure summary of the building and application of the behavioural module 
classification are shown in Table 2.
Assessing auto-recognition capacity
The performance of the behavioural classification module in identifying behavioural modes 
from other individuals was evaluated using commonly used evaluation measures for Machine 
Learning experiments (Powers, 2011). In brief, the classified samples were either true 
positive (behavioural mode identified correctly), true negative (correctly identified as another 
behavioural mode), false positive (behavioural mode incorrectly identified), or false negative 
(incorrectly identified as another behavioural mode). Evaluation of annotation for each 
acceleration sample was undertaken by visualising the data-streams, now annotated with the 
classified behavioural mode, whilst simultaneously viewing the video recording of the animal
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in real-time. The scores for each behavioural mode then underwent binary classification to 
assess the accuracy, precision, and sensitivity of the classification module for each 
behavioural mode (Table 3).
Step Task Procedure
1 Collect training data Simultaneously collect acceleration data 
and video whilst animal performs required 
behavioural modes.
2 Annotate behavioural modes onto the Manually match video frames with
data streams acceleration samples.
3 Extract the feature vectors that relate to Apply equations 1, 2, 3 & 4 to the
each behavioural mode annotated acceleration data-streams
4 Build the classification module Apply an SVMA to the feature vectors 
with annotations
5 Collect test data Attach acceleration device to animal
6 Extract the feature vectors from the test 
acceleration data stream
Apply equations 1, 2, 3 & 4
7 Apply the classification module to the The SVMA will annotate behavioural
test data modes form the test data based upon the 
feature vectors and an acceptable 
recognition threshold.
Table 2; The process by which specific behavioural modes may be identified and quantified in tri-axial 
acceleration data.
236
The length of the spine and its minimum height above the ground will influence the 
gait of a quadruped (Whittle, 2003). Here we measured the length of the spine and the lowest 
point of the spine above the ground, hereafter termed the spinal length : height ratio or SL:SH 
(Table 1). The influence of SL:SH upon the surrogate instructed SVMA behavioural 
recognition capacity (accuracy, precision, and sensitivity/recall) was assessed using linear 
regression. A run test was used to ensure there was no departure from linearity.
Measure Formula Intuitive Meaning
Accuracy (TP + TN) / (TP + TN + FP + The overall percentage of
FN) behavioural modes predicted 
correctly.
Precision TP / (TP + FP) The proportion of positive 
predictions that were actual 
behavioural modes
Sensitivity TP / (TP + FN) The proportion of actual 
behavioural modes that were 
predicted as positive
Table 3; The binary classification matrix used to determine the capacity of the domestic-dog behavioural 
classification module for defining running, walking, standing, sitting and sternal recumbency in 
acceleration recorded from other species.
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RESULTS
All five of the behavioural modes (running, walking, standing, sitting and sternal 
recumbency) were identified in eight of the nine test subjects using the behavioural 
classification module built on acceleration collected from the domestic dog. These were the 
dog, dingo, badger, tiger, cheetah, wombat, kangaroo, echidna (see supplementary data). 
Sitting, sternal recumbency, and standing were all predicted by the classification module but 
because these were visually indiscernible in the alligator it was not rational to undertake the 
binary classification for this species. The classification module had the highest capacity for 
behavioural mode recognition (> 95 %) when operating upon acceleration collected from the 
same species as the surrogate (Fig. 2).
Figure 2; The capacity of the domestic-dog behavioural classification module in identifying behavioural 
modes in acceleration collected from other individuals/species (Accuracy = black; Precision = light grey; 
Sensitivitv/Recall = dark grey) Bars represent mean ± S.E. for each of the behavioural modes (running, 
walking, standing, lateral and sternal recumbency).
Behavioural classification capacity remained high (> 90 %) for a different species (a 
cheetah) if the SL:SH was similar to that of the surrogate, but was reduced (80 to 90 %) in 
species (tiger, badger, wombat) whose SL:SH was 1 . 5 - 2  fold greater than that of the 
surrogate. Behavioural classification capacity was poor for individuals whose SL:SH was 
greater than 3-fold (kangaroo, echidna) that of the surrogate. Overall, there was a significant 
negative linear relationship (run-test, P = 0.1556; Fi, 22 39.45, P < 0.01) between the
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difference in SL:SH between that of the surrogate and the study species and performance of 
the behavioural classification module (Fig. 3).
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Figure 3; The relationship between the species SL:SH and the binary classification score for module 
accuracy (solid line; Y = - 0.05X + 1.13, r2 = 0.74), precision (dotted line; Y = - 0.07X + 1.07, r2 = 0.74), 
and sensitivity/recall (dashed line; Y = -0.08X + 1.14, r2= 0.61). Each species is shown at the appropriate 
location for its SL:SH.
DISCUSSION
This study describes a procedure whereby a behavioural classification module trained upon 
acceleration collected from one individual can be used to identify and quantify behavioural 
modes in different individuals and even different species. A practical use for this technique 
would be to identify and quantify behavioural modes in free-ranging individuals that are 
difficult to visually observe or when no captive subjects of that species are available (e.g. 
Ethiopian wolf, Cams simensis (Gottelli & Sillero-Zubiri, 1992).
The performance of the behavioural classification module was highly accurate for 
individuals o f the same species and remained at over 80% for quadruped species that were 
considerably different in body size and were phylogenetically distant from the surrogate 
species. For each study species we measured SL:SH as the ratio between spine length and
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minimum spine height above the ground. These SL:SH metrics were proficient, but we 
recognise that more sophisticated measures of gait (Whittle, 2003; Halsey et al, 2008) may 
well produce performance improvement in the classification module. By chance, the dog had 
| the lowest SL:SH of all species studied, and therefore as the SL:SH of the test subjects 
| increased over that of the dog, the capacity of the SVMA to distinguish each behavioural 
mode was reduced in a linear manner. This was expected because the speed-dynamic 
acceleration relationships change due to morphological differences between species (Chapter 
3), which result in variable patterns in dynamic acceleration (Shepard et al., 2008). In 
practical terms, this leads us to conclude that for optimum performance in inter-specific 
classification, species with a SL:SH ratio no greater than 2-fold different from the surrogate.
To create the feature vectors from the acceleration and apply the SVMAs we used a 
web-based program (Gao et al., 2013, see Appendix 2). Deterioration in software 
performance at high sampling rates limited the resolution of the acceleration data that could 
be processed in real-time to 1 Hz. This rate of acceleration sampling is considered low 
(Ropert'Coudert and Wilson, 2004), and sampling rates greater than 8 Hz are generally used 
for recording acceleration (Martiskainen et al., 2009; Halsey et al., 2011b). Nevertheless, 
even at 1 Hz the behavioural classification module was proficient in identifying five different 
behavioural modes in species with a SL:SH similar to the surrogate species. To our 
knowledge this method is the only one to be effective at such low sampling frequencies; 
however we acknowledge that at higher sampling frequencies the described methodologies in 
this paper should enable the automatic recognition of less predictable behaviours such as prey 
striking, digging, or copulation.
Tri-axial acceleration data collected by animal-borne devices contains a wealth of 
biological information about the study species. However, the volume and complexities of the 
tri-axial data-streams are perhaps limiting their use by the non-specialist. We hope that the 
procedures documented in this study aids researchers to access and apply the appropriate 
mathematical algorithms, and as such, facilitate the development of this exciting area of 
animal biology.
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APPENDIX 4
Requested Additional Information for Chapter 2
Regarding how the method introduced builds upon existing recommendations made by R. E. 
Kenward;
Others have advocated proper planning of biotelemetry deployments in order to improve the 
likelihood of success, although these efforts have mainly focussed on VHF radio tracking 
methods (e.g. Amlaner and Macdonald, 1980; Kenward, 2001). Kenward (2001) recognised 
that the cost of equipment and the practicalities of navigating difficult terrain may have 
important implications for the sample size obtainable through radio tracking, and that this in 
turn may influence whether a study was successful or not. Some subjective assessment of the 
rate of tag loss according to which method of tag attachment is provided, however these are 
given in an arbitrary 1-3 rating of disadvantage and stop short of assigning probability values 
(Kenward, 2001). Thus the information is generally course and somewhat difficult to 
interpret with any precision. The methods introduced in Chapter 2 builds upon these early 
descriptions of best practice by providing 7 linguistic categories which are linked directly to 
salient probability values. This allows finer definition and interpretation by researchers. In 
addition, within the discussion section details are provided for how other probabilistic models 
for the various stages of biotelemetry deployments can be incorporated into the analysis (see 
Discussion, Chapter 2). In addition, the method described allows for the polling of several 
expert opinions for the first time, thus reducing the vulnerability of assessments to the 
subjective interpretations of a single researcher.
Regarding how the method introduced does not address the issue o f how large a sample is 
required to address a specific question;
The method introduced in Chapter 2 addresses the need for a proscribed method by which the 
risk of a biotelemetry procedure not achieving a predetermined goal (i.e. obtaining a useable 
data set for the purposes of the study) can be evaluated. This method assumes that researchers 
have identified the requirements of their studies, such as the amount of data required from the 
number of individuals. It is not the purpose of this method to aid researchers in the 
identification of these requirements. Identification of sufficient sample sizes can be achieved 
using methods described elsewhere, such as through power analysis (Erdfelder et al., 1996). 
Specific sample size requirements in the field of biotelemetry are covered elsewhere in the 
literature, and include the sampling requirements for home range analysis by VHF radio
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tracking (Blundell et al., 2001; Harris et al., 1990; Nams, 1986) and GPS telemetry (Arthur 
and Schwartz, 1999; Girard et al., 2002; Hemson et al., 2005; Mills et al., 2006; Seaman et 
al., 1999). For studies utilising accelerometers, some consideration of sample rates can be 
found (Chen and Basset, 2005; Shepard et al., 2008) but the wider issue of how many animals 
are sufficient in order to make biological inferences about the species remains unaddressed.
Regarding how researchers should use the method and benefit from using it;
This topic is discussed throughout the chapter, particularly in the ‘Biotelemetry Event Trees’ 
subsection of the Discussion. To clarify, the method described should be used as a ‘risk 
assessment’ during the planning of any procedure that makes use of biotelemetry equipment 
on free living animals. This should allow researchers to evaluate whether any weaknesses in 
the deployment procedure exist that may produce an unsuccessful deployment (be that 
through mechanical failure of the device or successful recovery etc., see Methods section). It 
is also advocated that researchers use the method described to review deployments 
retrospectively. This method should be used as best practice and the results of such analysis 
may be utilised in peer-review journals, ethical committees or by funding bodies to ensure 
that pro>per planning of deployment procedures has taken place before wild animals are 
equipped with biotelemetry equipment.
Regarding the impact o f using different cut-off values fo r  the fuzzy sets;
The scale of the linguistic descriptor fuzzy sets was based upon the original format set out in 
Huang et al., (2001). The scale was chosen in order to conform best to the natural working 
process of human memory. This design is based on work in psychology (e.g. Wickens, 1992) 
that estimates that human working memory capacity is 7 ±2 segments. Thus the optimum 
number of linguistic categories for comparison is between 5-9. It is unknown whether 
alteration of this format will have any impact upon the efficacy of the method, although this 
is something that could be refined later. Thus, as a precautionary measure, when polling 
expert opinion it is suggested that the experts are informed of the width of each fuzzy set so 
that they may make an inform decision on which one best adheres to their estimate of failure 
risk.
Supplementary information for Chapter 2
Box 1 Sample questions used to assist researchers in detailing their methods 
Capture
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What is the trapping procedure? What is the trap effort (traps per day)? Do you have 
an idea of trapping success rate (individuals per trap per hour)? Do you have a limit to 
the amount of time you can trap for? How many individuals do you estimate that you 
will catch based on this information? Can you foresee any incidents/developments that 
might reduce trap success? Are there elements of personal experience that may assist 
trapping, say with bait choice etc? Does the presence of other species increase/decrease 
trapping success?
Attachment
How are the loggers attached to the birds? Is this an established/novel method? Have 
you or anyone else conducted trials of this method before? If so, how many tags were 
able to remain attached for the duration required by this study? How likely is the logger 
to be removed by self/allo-grooming? Are there certain times of year where attachment 
might be less successful (during a moult)? Could changes in weather alter attachment 
success? How long would attachment be required before enough data was collected? 
Recording
What devices are you using? Are multiple devices working in tandem or just a single 
device? How much battery/memory capacity is there? Is there any redundant capacity 
(more than needed to ensure the device will run for a sufficient amount of time)? How 
large is the required data set? Has the device been used before? Is there any reliability 
data for this device? Are there environmental factors that could affect success at this 
stage? Are there common problems with these devices? What actions have you taken to 
mitigate these problems?
Detachment
What detachment method are you using? Are there alternatives available? Why did you 
choose this method? Who developed this method? Has the method been used on other 
species? Do you have any reliability data for this method? What environmental factors 
could affect detachment? What actions have you taken to mitigate these factors? Do you 
have a contingency? Could anything affect the efficacy of the contingency?
Recovery
How will the device be located and recovered? Are these established methods? Is there 
any reliability data for the equipment used for recovery? Is there a time frame the 
device must be recovered in? Are there places the device cannot be recovered from?
Can environmental factors influence the success of recovery? Is there a contingency in
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place? Could anything affect the efficacy of the contingency? Are there human 
populations in the area that might hinder recovery?
Biotelemetry Case Studies
Case Study 1: Andean condors in Argentine Patagonia 
Capture
Animals were captured using cannon net traps; a standard and widely used trapping 
techniques for vultures. Although numbers of Andean condors (Vultur gryphus) have 
declined in many areas of South America, the trapping was undertaken in an area with the 
largest known population of Andean condors (ca. 296 individuals) (Duda and Hart, 1973). 
While a range of vulture species have been captured successfully, there is some uncertainty 
about the numbers of birds that will descend to the carcass, the length of time it takes for 
them to land and begin eating, how this will vary with respect to weather and location, as 
well as whether birds will learn to discern signs of human presence near the trapping area. 
There were 3 weeks available for trapping, and these dates were selected as previous data 
suggested this was the time of year when the number of condors in the study area was at its 
highest (Duda and Hart, 1973). Other trapping methods had been trialled previously with low 
success rates (e.g. walk-in traps) however, it was deemed that this was due to particular 
aspects of condor behaviour, as birds are generally reluctant to go near novel objects.
Condors in the area are known to descend to experimentally placed carcasses as over twenty 
sheep carcasses had previously been used successfully in the study region (Cover and Hart, 
1967). Furthermore, cannon-netting over experimental carcasses involves less manipulation 
of the natural environment, with the only obvious modification being a line of straw used to 
cover the net and cannons. This coupled with the success rate in relation to other scavenging 
birds suggested that cannon-netting would be a promising capture method. Finally, this 
method potentially allows birds to be captured simultaneously in less than 24 hours following 
preparation of the trapping site. The number of birds was likely to be similar to the numbers 
descending to feed on a carcass without the buried net (i.e zero to > 30), however the net 
would only be fired if a few birds were feeding, thereby capturing a few animals feeding in a 
well-defined area within the footprint of the net. Condors are known to feed alongside 
Southern crested and chimango caracara (.Polyborus plancus, Milvago chimango) and Black 
vultures (Coragyps atratus), and this was not perceived to be a factor potentially interfering 
with the trapping procedure.
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Failure probability (experts’ opinion);
Opinion 1- Very Low, Opinion 2- Very Low , Opinion 3- Very Low 
Attachment
Loggers were enclosed in a streamlined and lightweight, black plastic housing (total mass 
with loggers 135g: 1.3% of mean female body mass) and mounted on the upper back via a 
base-plate taped to the feathers (Shepard et al., 2011). This method of using Tesa tape to 
attach the device, as proposed in Wilson et. a l (1997), or a base plate is well established in 
ornithology, as this tape maintains its bond in water. This same method has been used on 
penguins, cormorants, and many other species with success (Wilson et al., 2008). 
Furthermore, dummy devices attached to captive condors showed this to be an appropriate 
attachment mechanism, with the dummy attachment lasting for > 3 months on an adult 
female maintained in captivity. The device was removed by hand after this period, when it 
was still firmly attached. The animal was likely to preen this device more as it was attached 
with white tape. In general, this type of device is required to stay on wild birds for a period of 
less than 2 weeks.
The moult occurs throughout the year, peaking in the warmest months (Spring-summer), 
occurring just after the period of instrumentation. It is unlikely that the moult affects the 
attachment as over 20 feathers are commonly used to attach the base plate and feathers are 
not moulted simultaneously. Birds are known to preen each other however they preen 
themselves principally, and preening is concentrated on the flight feathers and between birds 
generally around the bills.
Failure probability (experts’ opinion);
Opinion 1- Very Low, Opinion 2- Low , Opinion 3- Low
Recording
The Daily Diary unit was programmed to record the following parameters at a frequency of 6 
Hz; barometric pressure, compass heading and triaxial acceleration. There is also a GPS set to 
record the animal’s position once every 11s.
The Daily Diary system has been used on many species, such as penguins, cormorants, 
albatross, seals and cheetah (Wilson et al., 2008). It is a fairly robust system and its primary 
mode of failure is due to lack of waterproofing in marine species that dive. This deployment 
is on a species that resides far inland, so the chance of success is perceived to be high.
Devices are limited by the battery capacity rather than the memory capacity, with this
248
generation recording for up to 1 week with the battery selected. Battery capacity is in turn 
affected by ambient temperature. Birds experience a range of temperatures as they are 
capable of flying at altitudes over 2000 m, and it is possible that condensation could form on 
the components as birds move between altitudes. Consequently electronic components were 
placed in small zip-lock bags within the plastic housing (which was not sealed due to the 
need to measure changes in barometric pressure). No steps were taken to protect the batteries 
from the cold due to the need to keep the apparatus as light and small as possible.
Failure probability (experts’ opinion);
Opinion 1- Very Low, Opinion 2- Very Low, Opinion 3- Very Low.
Detachment
The detachment method needs to be small and light and such devices are not readily available 
from commercial manufacturers, which typically produce mechanisms designed for 
deployment on mammals. Therefore a mechanism was produced in collaboration with an 
electrical engineer, that was based on a “bum circuit”, designed to send current through (and 
thereby heat) high resistance wire at a pre-programmed time. Once the wire is hot enough it 
bums through, severing the nylon wire which holds the device to the base plate (taped to the 
feathers). This causes the device to fall away from the base plate and animal.
As a contingency against failure of the detachment stage, the animal can also be re-trapped 
via the methods stated above, and the device can be removed from the animal manually. This 
is a viable option, but one that is time and resource intensive.
The detachment mechanism has been successfully trialled on two species of free-living 
mammal and worked well in laboratory tests with 9V batteries. However for the field 
deployment the detachment mechanism used a smaller battery in order to minimise weight 
which may have increased the risk of failure.
Failure probability (experts’ opinion);
Opinion 1- Fairly Low, Opinion 2- Medium, Opinion 3- Medium.
Recovery
The positions o f the birds equipped with Daily Diary (DD) devices were identifiable at the 
time when DDs were programmed to release, by GPS telemetry that provided information of 
the approximate location of the logger. The device package contained a VHF (Very High 
Frequency) radio transmitter to aid relocation. It emitted a signal periodically and was used to 
triangulate the package’s location once detached from the animal. However, given that
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condors roost in mountainous habitat, it was likely that the VHF signal would be distorted or 
shielded in certain areas, complicating device relocation and requiring an iterative approach 
where signal strength was plotted in relation to the search route. Nonetheless, there were 
some 5 months available within which to relocate the device before the VHF battery 
depleted. Condors roost in high and inaccessible areas, sometimes requiring climbers with 
local knowledge to retrieve units. Climbers had previously collaborated with project partners 
to install temperature loggers in roost sites and therefore this was not seen as a potential 
obstacle to logger recovery.
Failure probability (experts’ opinion);
Opinion 1- Fairly Low, Opinion 2- Fairly Low, Opinion 3- Fairly Low
Results of BET analysis probability of success; “Very Low” (0.01,0.02,0.04,0.09)
Case Study 2: Magellanic Penguins in Argentine Patagonia 
Capture
Large colonies of up to 80,000 Magellanic Penguins (Spheniscus magellanicus) are located in 
Patagonia, Argentina. At these colonies, these ground nesting and flightless birds can be 
carefully removed from their nests by hand, negating the need for a trapping procedure. 
Because of the abundance of birds available, and the ease of capture, obtaining sufficient 
birds for the purposes of the study was almost certain, barring catastrophic colony collapse of 
some kind.
Failure probability (experts’ opinion);
Opinion 1- Very Low Opinion 2-Very Low Opinion 3- Very Low 
Attachment
Birds were equipped with Daily Diary data loggers by using overlapping strips of Tesa tape 
as detailed in Wilson et a l (1997). This method is widely established (e.g. Clark et al., 2006; 
Gremillet et al., 2004; Keating et al., 1991). The tag residence time was investigated in 
Wilson et a l  (1997), and tags were found to remain in place for a period of > 3 weeks 
(Wilson et al., 1997), this is far longer than the required deployment of ca. 36 h.
Failure probability (experts’ opinion);
Opinion 1- Very Low, Opinion 2- Very Low, Opinion 3- Very Low.
Recording
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Birds were equipped with Daily Diaries and inter-mandibular angle sensors (IMASEN) 
(Wilson et a l, 2002) recording at 6-9 Hz on 13-16 channels. The IMASEN unit consists of a 
Hall sensor and neodymium boron magnet glued either side of the bird’s beak. The cables 
that connect the IMASEN unit to the recording unit can sometimes be broken by the penguins 
during deployment, although this is not common, and does not affect the working of the 
Daily Diary unit. The study required that the devices ran for ca. 36 h, but the devices 
themselves had redundant battery and memory capacity (battery for 7 days and memory for 
14). These devices have been deployed in numerous prior studies, with fair reliability and 
success. The most common reason for failure of the Daily Diary to record is water ingress 
due to imperfections in the device housing, which may occur in 10% of deployments.
Failure probability (experts’ opinion);
Opinion 1 -Very Low, Opinion 2 - Low, Opinion 3- Low.
Detachment
Locating the equipped animal is straightforward because this species show strong fidelity to 
nest sites. Once the individual returns it is possible to remove the tape via the procedure 
described in Wilson et al. (1997). Again this is an established method (see above) that leaves 
no residue on the feathers. The biggest problem with device detachment/recovery is the 
chance that the bird might not return to its nest, or run away when approached for device 
removal, although this is rare. It is difficult to plan a contingency in case of the individual 
failing to return to the nest, because the device cannot be recovered at sea.
Failure probability (experts’ opinion);
Opinion 1- Very Low, Opinion 2-Very Low, Opinion 3-Very Low.
Recovery
The device is in the hand following retrieval from the penguin (see above). Any difficulties in 
downloading the data (such as absence of data) were dealt with within the ‘recording’ 
section.
Results of BET analysis probability of success; Medium to High (0.36,0.62,0.62,0.95)
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Biotelemetry Event Tree Program User Instructions
The Biotelemetry Event Tree (BET) program is written in the Java programming language. 
The files required to run Java applications can be downloaded from www.java.com. Included 
here are instructions with regard to the functions in BET.
Add Event
Once selected, users must click on the line in the event tree diagram window to place an 
event or stage. Subsequent events can then be placed by clicking on the ‘branches’ of the 
event tree whilst the Add Event function is highlighted.
Edit Event
Once highlighted, Events can be edited by clicking on them. This opens a new dialogue box, 
with options to enter the name of the stage, expert opinions, or comments. To add an opinion, 
click Add, this opens a dialogue containing a range of linguistic values from Very Low to 
Very High. The opinions entered should represent the probability of stage failure. Select a 
value, and click Ok to enter the opinion. Subsequent opinions can be added by repeating this 
procedure. Once you are finished editing the event, click Ok. Events must include a name in 
order to continue.
Undo Event
This function will undo the last change you made to the Event Tree.
Analyze
This function runs the analysis calculations based on the expert opinions, according to the 
method detailed in the present study. The probability of success of all stages is displayed in a 
linguistic form, in the box on the top right of the screen. Subsequent outcome probabilities 
are displayed beneath, and are linked to the Event Tree by a solid line.
Save
Selecting this function opens a dialogue box in order to save the current Event Tree for later 
use. Files are saved in .csv format, and are typically ca. 20kb. Enter a filename under the 
Object name: field and click Save to save and return to the main Event Tree screen.
Load
Selecting this function opens a dialogue box in order to browse and load a file from an earlier 
session. To load, locate a file in a directory, and click it to highlight it, doing so should enter 
the file name into the Object name field automatically. Once this is done, click Open to load 
the file into the main Event Tree window.
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APPENDIX 5
Additional Information Requested for Chapters 3 and 4 
Clarification o f statistical analysis used in Chapter 3;
The manuscript refers to the statistical test in Chapter 3 as a General Linear Model (GLM), 
but for clarity, this should have been described as an Analysis of Co-Variance (ANCOVA). 
This statistical test was used to test if the slope of the various regressions between Speed and 
ODBA differed between species and individuals. In the original manuscript, the model for the 
test of between-species differences is reported as
speed~ODBA+species+individual+ODBA*species. This is incorrect, and should appear as 
speed~ODBA+species+ODBA*species.
Repeat o f  ANCOVA analysis from Chapter 3, with individuals nested within species;
Some individuals were included in the original analysis at the species level erroneously. In 
order to ensure the validity of the conclusions drawn from the ANCOVA analysis, it was 
repeated with individual nested within species as a random factor. No interaction between 
species and individual was observed (F=0.326, df=l 1, p=0.975).
Regarding why the slope should be changed rather than the intercept o f Speed/ODBA 
regressions in Chapter 3;
The slope was chosen as the parameter to be corrected iteratively to obtain the fully corrected 
speed. Primarily this is for the ease of calculation but there is also a biological justification. If 
the slope component describes the relationship between ODBA and speed, then the intercept 
merely describes the level of dynamic acceleration (ODBA) when the animal is at 0 ms' .
This resting ODBA value is close to, but not exactly 0 g  in all cases (Table 2, Chapter 3). The 
reason the intercept is not 0 g  is because at this speed the accelerometer sensor still registers 
low levels of dynamic acceleration due to motion from breathing. The extent of motion due to 
breathing at rest is different for each of the species, which explains the variability in 
intercepts. However, the dynamic acceleration at rest is unlikely to differ significantly
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depending on substrate/incline conditions, as is the case with the slope component (Chapter 
4). Thus it is not necessary to alter the intercept when correcting the speed for dead- 
reckoning.
Repeat o f analysis fo r  Chapter 4, using mixed models for individual based data;
In order to account for between individual variability, the analysis was repeated using a 
mixed model that included individual as a random factor. The results can be seen in Tables 1 
and 2. The interaction between substrate type and the covariant (each of the metrics) for the 
slope component remains despite the inclusion of individual in the model (Table 1) and there 
is no significant difference in variation between individuals for any of the metrics tested 
(Table 2). Results shown are from a linear mixed model performed in SPSS.
Metric F p
Substrate * ODBA 21.47 <0.0001 
Substrate * VeDBA 2.964 <0.05
Substrate * Frequency 7.746 <0.0001 
Substrate * Amplitude 5.955 <0.001
Table 1; Differences of the effect of ODBA on Speed between substrate conditions.
Metric Wald Z p
ODBA [Individual] 1.547 0.122
VeDBA [Individual] 1.438 0.15
Frequency
0.95 0.342
[Individual]
Amplitude
1.685 0.92
[Individual]
Table 2; Covariance parameters to test differences in variance between individuals 
across all substrate conditions.
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Clarification o f why a 2 second window size was used in the derivation o f static acceleration;
The optimal window size for use in obtaining static acceleration by low pass filtering was 
investigated for several locomotary modes by Shepard et al., (2008). Here it was observed 
that this optimum was influenced by the cadence of locomotion (e.g. stroke or step 
frequency), and that window size should be at least greater than the cycle period of 
locomotion. For pedestrian locomotion at speeds similar to those observed in Chapters 3 and 
4, a window size below 2 s produced the least variable ODBA values. For the species tested, 
a window size near 2 s provided the least variability. With window sizes <1 s, variability 
matched changes in raw acceleration, suggesting that such small window sizes do not remove 
the dynamic portion of the signal (Shepard et al., 2008).
Clarification o f what Amplitude, a metric used in Chapter 4, corresponds to;
The definition of ‘amplitude’ detailed in this chapter actually corresponds to the mean 
difference between the maximum and minimum values for acceleration. Strictly speaking this 
would be double the amplitude of a typical wave form. However, please note that this method 
of calculating acceleration ‘amplitude’ is based on the conventions in this field of research 
(e.g. Gleiss et al., 2009; Tanaka et al., 2001).
Regarding the software used fo r all statistical analysis from Chapters 3 and 4;
All statistics were completed using SPSS (IBM, Armonk, NY).
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Figures from Chapter 3, showing the underlying data from which regression lines were 
derived;
To illustrate the underlying data, figures from Chapter 3 that display the regressions between 
ODBA and Speed for the Buenos Aires Zoo animals, Cormorants and Humans are shown in 
Figures 1, 2 and 3 respectively.
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Regarding the differences between ODBA and VeDBA reported in Chapter 4;
This result was somewhat surprising given that ODBA and VeDBA are closely correlated 
themselves (Qasem et al., 2012). Reductions in the coefficient of determination are indicative 
that changes in the metric are not explained by changes in speed alone, i.e. that some other 
factor causes variation in the relationship between the metric and speed. Whilst conducting 
the trial, it appeared superficially that participants adopted different strategies for uphill and 
downhill locomotion depending on their height. For instance, taller individuals may have 
leant forward whilst travelling uphill and shorter individuals less so. This leaning may have 
caused increased motion in the lateral and dorsal-ventral axes during steps, which in turn 
would have been exaggerated more by ODBA than VeDBA (given that summation of 
dynamic acceleration for all axes is likely to over-estimate the true acceleration). This may 
offer an explanation for the disparity between ODBA and VeDBA in the results, although 
this remains conjecture in the absence of further information. This is an interesting avenue for 
future research and merits investigation given that ODBA is a widely-used metric for animal 
activity in the field of biotelemetry (Gleiss et al., 2009; Gleiss et al., 2011; Gomez Laich et 
al., 2011; Halsey et al., 201 la; Halsey et al., 2009a; Halsey et al., 2008; Halsey et al., 2009b; 
Halsey et al., 201 lb; Halsey and White, 2010; Qasem et al., 2012; Wilson et al., 2006).
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APPENDIX 6
Requested Additional Information for Chapter 6
Regarding the rationale behind Accuracy, Precision and Recall, and what these terms mean 
within a biological context;
Accuracy, Precision and Recall are common metrics used to evaluate pattern recognition 
software, although biologists’ will be less familiar with these terms. In Chapter 7 the k- 
nearest neighbour algorithm is able to obtain 4 possible results when it classifies data points 
into behavioural classes; True Negative, True Positive, False Negative and False Positive. 
Many biologists will be more familiar with the terms type I error and type II error for False 
Negative and False Positive results respectively. Accuracy is the most intuitive metric as it is 
simply the proportion of results that were correct (either True Positive or True Negative).
This metric provides an easily interpretable figure, but is less useful in situations when there 
are a high proportion of True Negative results. In these situations, Accuracy can be high 
despite few positive being classifications made (but many correctly discarded classifications). 
This is not useful in the context of behavioural classification, because biological inferences 
are made on positive identification of behaviours and when they occur (see Discussion in 
Chapter 6). For this reason Precision and Recall are useful additional metrics by which to 
evaluate the classifier. High precision is the result of a classifier returning substantially more 
correct classification than incorrect ones (large True Positive to False Positive ratio) and high 
recall is the result of a classifier returning a high proportion of the correctly classified data 
(large True Positive to False Negative ratio). Thus, quality or exactness is evaluated with 
Precision, and completeness or quantity with Recall.
Clarification o f correlation analysis in Table 3;
Firstly, Table 3 outlines the correlation between the value for the minimum majority 
threshold (0.5 to 0.9, in 0.1 increments) and the results for the proportion of the data for each 
species that are either True Positive or False Positive (i.e. that met the threshold and so can be 
used for biological investigation). In addition, the correlations between the minimum 
majority threshold used and the performance metrics are outlined for each species.
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The source o f  the 37.7% figure referred to in the Discussion section;
The text in this line should have referred to Table 3. The value of 37.7% was calculated by 
comparing the proportion of the initial data set classed when minimum majority thresholds of 
0.5 and 0.9 were used. The reference to Table 3 illustrates how increasing the minimum 
majority threshold produces little improvement in Precision scores (as evidenced by the 
absence of a statistically significant correlation for this metric in the Wombat data).
Regarding the difficulties o f implementing prior methods, and its justification o f new method 
development;
The difficulties of using machine learning methods are attested to by the fact that the majority 
of research groups currently using these methods for the purpose of identifying behavioural 
classes in accelerometry include members with a background in computer science. This is a 
significant barrier to uptake of these methods by research teams without this expertise. In 
fact, in personal communication with peers this was often stated as a reason why machine 
learning techniques were not utilised more frequently in movement ecology research 
(Campbell,pers. comm.).
Further information about the data used, and the methods used to obtain it;
Initially this information was omitted from this thesis because it is given elsewhere 
(Campbell et al., 2013; Gao et al., 2013; Gomez-Laich et a t, 2008). However, in the interest 
of completeness, it is reproduced here.
Australia Zoo trials
A range of species that differed in morphology were equipped with an accelerometer at 
Australia Zoo, Queensland Australia. These species included Australian dingo (Canis lupus 
dingo), Bengal tiger (Panthera tigris tigris), African cheetah (Acinonyx jubatus), American 
alligator (Alligator mississippiensis), hairy nosed-wombat (Lasiorhinus kreffiii), Eastern grey 
kangaroo (Macropus giganteus) and short-beaked echidna (Tachyglossus aculeatus). The
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accelerometer was attached to the animal on the dorsal surface behind the head. Tag 
attachment was achieved by distracting the animal with a food item, thus no anaesthesia was 
necessary. Tags were affixed using cloth tape by their handlers. Once the tag was secure, the 
animals were released into large enclosures and monitored using a digital video camcorder 
(25 frames per second), so that behaviours could be verified later. All data was recorded at 20 
Hz and the animal was monitored for approximately an hour each. This data was then 
submitted to the analysis procedure detailed in Chapter 6 .
West Hatch Zoo trials
Five Eurasian badgers were anaesthetised and equipped with a tri-axial accelerometer 
recording at 20 Hz, at West Hatch RSPCA Centre, in Somerset, United Kingdom. Chapter 6 
makes use of data from one of these individuals. The accelerometer was affixed to the animal 
via a durable leather collar fastened around the animal’s neck. Upon recovery from the 
anaesthetic, they were released in a large enclosure. In order to independently verify 
behaviours, automated camera traps were deployed throughout this enclosure to capture 
examples of each behaviour used. The relevant data was then found in the accelerometer 
output by using the time-stamp on the video recordings. If individuals spent large periods of 
time outside the camera’s field of view, then manual annotation of behaviour was conducted 
according the principals set out in Shepard et. al. (2008).
Punta Leon trials
Fourteen imperial cormorants (.Phalacrocorax atriceps) from the Punta Leon colony in 
Chubut, Argentina, were equipped with 13 channel data loggers capable of recording tri-axial 
acceleration at 20 Hz. The devices were attached to the cormorant’s lower back using TESA 
tape (Beiersdorf) according to the procedure outlined in (Wilson et al., 1997). This animal 
was released to the wild and retrieved after a single foraging trip. Data from one of these 
individuals was used in the experiment detailed in Chapter 6 . Using the procedures detailed 
in (Gomez-Laich et al., 2008), each of the behaviours required for the study were identified 
and data pertaining to these periods submitted to the analysis procedure detailed in Chapter 6 .
Regarding the need for comparison between the available methods, and their efficacy on 
different species;
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In order to move forward as a discipline, researchers of Animal Movement Ecology will 
reqiuire comparative evaluation of the behaviour classification methods currently available, so
, that we can establish which methods are most effective for this purpose. Some evaluation ofI
! avaiilable methods is performed in Nathan et. al., (2012), however these are performed on 
data obtained from a single species. Chapter 6 introduces a novel method, and illustrates how 
its efficacy can differ between species. Thus, what is now needed is a comparative evaluation 
of available methods, including those recently developed, in a study that uses numerous 
species and taxa. By doing this, researchers should be able to compare methods and see 
which performs best for data for their chosen organism. A study such as this provides an 
interesting avenue for further research.
Regarding behavioural classification through using location based data;
The purpose of Chapter 6 was to introduce a novel method for analysing accelerometer data 
for the purposes of classifying it into behavioural classes. In this context, the method is 
sensitive to postural changes, which are indicative of changes in behaviour. Other studies 
such as those by Gurarie et. al., (2009), Kranstauber et. al., (2012) and Dalziel et. al, (2008), 
aim to classify animal movement patterns and trajectories into what they referred to as 
‘behavioural modes’, although these can be likened to the ‘states’ that form animal movement 
patterns within space-state models (see Patterson et al., 2008). These methods identify 
behaviour according to changes in displacement rates and direction. However, they are 
concerned only with changes in locomotary patterns, and thus are not sensitive to behavioural 
changes which are not indicated by movement, e.g. if a predatory animal ceases to move, it 
may not be possible to determine whether it is resting or is handling prey after a kill, although 
such behaviours could be indicated by accelerometry. In addition, using location to infer 
behaviour is problematic when using technologies that have course sampling rates, such as 
GPS and ARGOS systems (Cagnacci et al., 2010; Hays et al., 2001) and may fail to capture 
short-lived behaviours. In comparison acceleration can be recorded as often as 300 Hz 
(Wilson et al., 2013). For a review of analysis methods for animal location data within a 
movement ecology context, see Giuggioli & Bartumeus (2010).
266
A consideration o f the artificial/ideal nature o f test data, and how classification o f data from  
free-living individuals may be more demanding;
In Chapter 6 , it is stated that successful implementation of the KNN method is dependent on 
obtaining high quality training data; each of the areas of the 3D feature space pertaining to 
behaviours must be adequately populated in order for effective classification of further data. 
In this study, the efficacy of the method was tested by subjecting idealised, 10 second 
sections of data to the algorithm. In reality, the data collected by biotelemetry methods on 
wild animals is unlikely to be as ‘sterile’ as this; it will possibly contain noise as the animal 
transitions between behaviours or device attachment shifts due to animal movement 
(something alluded to in the Badger data, see Chapter 6). It is also possible that some 
behaviours may be seen in the wild for which it was not possible to obtain corresponding 
training data from captive individuals. The data for the cormorant was obtained from a free 
living individual; however the behaviours tested correspond with discrete changes in posture 
relative to gravity (i.e. swimming down, level and up), so it is likely that the procedure in this 
species is more forgiving. The requirements (i.e. extent and quality) for training data to 
accurately classify field derived data obtained from species with less defined behavioural 
postural changes needs to be established. This is an issue that will be explored further as best 
practice is established once the KNN method is adopted by the research community.
Supplementary information for Chapter 6
K-Nearest Neighbour R Script
Below is the R script used in order to conduct k -  nearest neighbour analysis on tri-axial 
accelerometer data, and may be copied and pasted into R’s own Script Editor. The 
“trainl.txt” file needs to contain the data derived from a ground truthing period of direct 
observation. Behavioural labels need to be assigned to the data in this file and then saved 
within a single column in a file called “classesl.txt”. These data labels act as the algorithms 
‘definitions’ for the data, so it’s important that the order of the data labels in the 
“classesl.txt” file correspond with the order of data in the “trainl.txt” file. The data that you 
would like to classify (derived from wild or unobserved individuals) should be placed in the 
“testl.txt” file, in a similar format to that of “trainl.txt” i.e. same axis order, 3 columns.
There is no need for these files to contain time stamps, but these can be saved and added later 
for descriptive statistics etc.
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#This script runs K nearest neighbour analysis on files "trainl.txt" and "testl.txt"
#Data files should be in .txt format, with each accelerometer axis in its own column, no 
spaces in between.
#Axis order (e.g. X,Y,Z etc..) is unimportant provided it is consistent between training and 
testing files
#The behavioural labels of the training set should be saved into a .txt file with a single 
column
#The label order should correspond to the accelerometer data in the training file
library(stats)
library(class)
#load up train and testing files 
trainl = scan("trainl.txt") 
testl = scan("testl.txt")
^convert inputs into matrix
trainl = matrix(trainl, byrow = T, ncol=3)
testl = matrix(testl, byrow = T, ncol=3)
#load the classes in the training data 
cl la = scan("classesl.txt")
#set k 
kk = 21
#run knn
knl = knn(trainl, testl, cl la, k=kk, prob=TRUE)
prob = attributes(.Last.value) 
clasl=factor(knl)
#write results, this is the classification of the testing set in a sinlge column
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filename = paste("results", kk, ".csv", s e p - '") 
write.csv(clasl, filename)
#write probs to file, this is the proportion of k nearest datapoints that contributed to the 
winning class
fileprobs = paste("probs", kk, ".csv", sep="") 
write.csv (prob$prob, fileprobs)
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